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Abstract

Anthropogenic pressure on coastal areas continues to increase, thus intensifying coastal
erosion. Coastal monitoring programs are therefore essential to prevent severe
ecosystem and economic consequences. Successful coastal monitoring schemes require
highly accurate analysis-ready Digital surface models (DSMs) derived using the same
workflow. Using a Unmanned Aerial Vehicle — Structure from motion (UAV-SfM)
approach allows for a cost-efficient, automated approach ensuring repeatability. Image
segmentation is used to create water masks automatically, and an algorithmic approach
to identify and import GCPs was developed. While most literature features a semi-
automatic approach, this pipeline presents a workflow that allows for a fully automated
DSM generation from UAV images. An image segmentation model (VGG-Segnet) is
trained to automatically identify water and land areas in the UAV images resulting in a
pixel accuracy of 90%. Ground control points (GCPs) are automatically identified using
only the RGB images of the UAV by differentiating pixel clusters by color, size, and
shape, as well as relative position. While the outcome was not perfect and the markers
were not always placed perfectly in the center, the approach showed high potential to
be developed further. The study further shows the importance of using appropriate
settings in Agisoft Metashape. Settings are likely to depend on equipment and study
area. However, some insight into the effect of settings on the alignment quality is
presented. The DSMs created in this study achieved an RMSE of 3 - 4 cm, proving a
very high accuracy. Further analysis showed that this error is likely to be
underestimated due to the poor distribution of check points.

Keywords: Physical geography, ecosystem analysis, geomatics, GIS, UAV, structure-
from-motion, machine learning, coastal monitoring
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1. Introduction

Anthropogenic pressure on coastal areas continues to increase. Estimates suggest that
by 2025, almost 75% of the world’s population will live within 60 km of a coast
increasing the vulnerability to coastal erosion processes (Pranzini et al. 2015;
Goncalves et al. 2019). Besides ecosystem consequences, such as habitat loss,
intensified coastal erosion can have severe socio-economic repercussions, including the
loss of property and the destruction of infrastructure (Wen et al. 2019). Hence it is vital
to monitor coastal processes to minimize these damaging outcomes.

Coastal monitoring requires topographic datasets such as Digital Surface Models
(DSMs) (Mancini et al. 2013). DSMs are widely used as the basis of city and landscape
modeling such as glacier monitoring, estimating biomass, dune monitoring, and
monitoring of coastal zones (Baltsavias et al. 2001; Macay Moreia et al. 2013; Bendig
et al. 2014; Almeida and Almar 2020; Grottoli et al. 2020). A DSM at high accuracy
is crucial to ensure the quality of models requiring elevation. Traditionally, DSMs have
been derived using terrestrial surveying techniques involving theodolites and total
stations (TS). These are labor-intensive and require high levels of expertise (Nelson et
al. 2009). Due to the laboriousness of these established methods, remote sensing
techniques have increased in popularity. Remote sensing methods utilize aerial and
satellite platforms using photogrammetry techniques and, more recently, Light
Detection and Ranging (LiDAR) (Leal-Alves et al. 2020). Until recently, airborne laser
scanning using LIDAR was unrivaled when requiring time-efficient, high-resolution
DSMs, yet it is associated with high costs (Leal-Alves et al. 2020).

Recent advances in Unmanned Aerial VVehicle (UAV) technology have enabled the use
of commercial-grade UAVs for image collection (Jiang et al. 2017). Comparisons
between traditional surveying methods and UAV approaches have proved that time
efficiency is greatly enhanced, and the accuracy is comparable, if not better, when using
UAVs (Carrera-Hernandez et al. 2020; Lu and Chyi 2020). To align all images
obtained during a UAYV flight, it is necessary to derive the exact position and orientation
of the camera. Despite the rapid advances in UAV systems, payload limitations and low
altitude flight paths (up to 120 m) cause difficulties in deriving those parameters. Image
alignment describes the process of finding a suitable transformation between two
images such that points identified in both images can be related, ensuring that a real-
world feature is not represented twice (Brown 1992).

Structure-from-Motion (SfM) is a highly automatable photogrammetry method used to
perform image alignment and create 3D models. SfM techniques grew popular for
reconstructing 3D scenes from large photo collections such as flickr.com, including
reconstructing the Colosseum in Rome (Agarwal et al. 2009) and the Great Wall of
China (Snavely et al. 2006). Studies have since shown that this technique can be used
with UAV aerial imaging to derive 3D point clouds of similar accuracy to ones
generated from aerial laser scanning (Mancini et al. 2013). This has prompted the
successful use of UAV-SfTM methods in a wide range of applications, including;
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floodplain monitoring (Izumida et al. 2017), forestry (Iglhaut et al. 2019), archaeology
(Rodriguez-Martin and Rodriguez-Gonzalvez 2020), and disaster risk monitoring
(Gomez and Purdie 2016).

The application of UAV-SfM methods within coastal monitoring has gained increased
attention after Mancini et al. (2013) achieved a vertical accuracy of 20 cm for the
resulting DSMs. A high degree of automation was proven, suggesting the use of this
method in rapid response and monitoring applications. Further successful
implementations include measurements of bedrock erosion in rocky coasts (Hayakawa
and Obanawa 2020), quantifying shoreline erosion (Lin et al. 2019), measuring dune
and beach face erosion (Turner et al. 2016), and identifying coastline change
(Papakonstantinou et al. 2017). Most of this research relies on several manual steps,
which are both time-consuming and require extensive expertise. This thesis, therefore,
focuses on three parts: automation, optimization, and evaluation (assessment).

It is common practice to manually identify Ground Control Points (GCPs) for
referencing and manually create masks to mask undesired areas (Gongalves and
Henriques 2015). Manually masking hundreds of images individually and identifying
tens of GCPs on at least three images is time-consuming, making it desirable to
automate these processes.

Optimized workflows within Metashape (Agisoft 2020a), one of the most popular
photogrammetric processing software packages used for SfM, are widely debated and
often use outdated software versions (Li et al. 2016; USGS 2017; Tinkham and Swayze
2021). Moreover, inexperienced operators often rely on default software settings, which
may be inadequate for individual purposes (Mayer et al. 2018). Therefore, the study
investigated optimized settings for Metashape 1.7.0, presenting comprehensive results
that can be used as a reference to optimize further projects. The thesis concludes with
an accuracy assessment of the automatically generated DSM, allowing comparisons to
results from other literature.

The aim of this thesis is to study the use of DSMs created from UAV image data for
coastal monitoring applications. Emphasis is put on the optimization and
automatization of the workflow. The research questions are:

e To what extent can the processing of creating DSMs from images captured with
a UAV Dbe automated to minimize the need for manual labor and expertise?

e To what extend can settings within the SfM software be optimized to improve
the accuracy of the DSM?

e What accuracy can be achieved using a UAV-SfM derived point cloud and
DSM in a coastal area?



2. Background

2.1. Coastal monitoring

A successful coastal monitoring scheme requires accurate and up-to-date data derived
from a uniform approach (Mills et al. 2005). While current data is important, having a
time series is crucial. Time series data should be acquired using the same approach to
guarantee a seamless monitoring program allowing conclusions on how the coastal area
is changing. If datasets are derived using different approaches, it becomes difficult to
distinguish between dataset errors and actual change.

2.1.1. Traditional coastal monitoring techniques

Monitoring techniques can be classified into traditional, conventional monitoring and
evaluation methods and remote sensing methods (Wen et al. 2019). Traditional beach
surveys are ground-based and use Global Navigation Satellite Systems (GNSS), or TS,
where 3D point information is collected independently, requiring large amounts of
interpolation as the point data clouds created are relatively sparse (Delgado and Lloyd
2004). Terrestrial laser scanning (TLS) and mobile laser scanning (MLS) methods have
been introduced to account for this. However, the time-consuming nature and the
relatively high cost remain. Additionally, being ground-based limits the use of these
techniques in challenging terrain and may negatively impact the environment, making
it an unviable option in sensitive areas such as dunes (Shaw et al. 2019).

2.1.2. Airborne remote sensing monitoring techniques

Due to such shortcomings, airborne remote sensing has emerged as the primary source
of geospatial information for detecting and monitoring coastline changes (Lin et al.
2019). The most common airborne remote sensing methods used for monitoring coasts
include satellite imagery (Rangel-Buitrago et al. 2015), airborne lidar systems (ALS)
(Obu et al. 2017), and UAV photogrammetry (Mancini et al. 2013; Gongcalves and
Henriques 2015).

Satellite remote sensing has the advantage of providing multispectral or even
hyperspectral data. While the spatial resolution has significantly improved throughout
the last decades, Papakonstantinou et al. (2016) and Tabor (2018) have concluded that
the data is too coarse to monitor small coastal changes, and instead, very high resolution
(VHR) data should be used. ESA’s Copernicus program distinguishes VHR-1 and
VHR-2, where VHR-1 has a spatial resolution of <1 m and VHR-2 of 1-4 m (Hoersch
and Amans 2015). Restrictions concerning spatial resolution, as well as limited
temporal flexibility due to the satellite’s orbit, have led to aerial LiIDAR systems (ALS)
becoming a standard topographic product for coastal mapping (Lin et al. 2019).

LiDAR is an active remote sensing technology using a laser pulse to measure the
distance to an object or the ground surface (Kandrot 2013). The altitude is retrieved by
measuring the time between sending out the laser pulse and receiving the reflection. To
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measure the elevation of the surface, the aircraft needs to be fitted with a sensor
measuring the elevation. The altitude of the aircraft (height between aircraft and
surface) can then be subtracted from the elevation of the aircraft (height between the
aircraft and sea level) to determine the elevation of the surface (height between surface
and sea level). This method produces a point cloud throughout a flight, each point
containing X, Y, and Z coordinates. Usually, there is a positive correlation between the
number of points measured this way and the accuracy of a surface model derived from
the dataset, as less interpolation is required. Even though the spatial resolution of ALS
is lower than TLS, it is sufficiently high for coastal monitoring and allows for
monitoring complicated terrain and sensitive areas (Westoby et al. 2018). However high
costs prohibit repeating flights with a high temporal resolution. Seasonal dynamics can
therefore not be analyzed without soaring costs.

None of the airborne remote sensing techniques fulfill the accuracy and repeatability
requirements of a successful coastal monitoring scheme (Mills et al. 2005). LiDAR
lacks repeatability at a reasonable cost, while satellite data is usually not accurate
enough. While TLS and MLS fulfill the accuracy requirements, the inability to tackle
challenging terrain, high costs and time effort make it inadequate for many study areas.
Until recently, scientists had to trade-off accuracy, repeatability, coverage, and costs
when monitoring coastal areas. In contrast, the emergence of UAV-based
photogrammetry over the last years provides a cheap, accurate, and flexible system
capable of monitoring coastal zones.

2.1.3. UAYV data collection in coastal areas

Due to technological advances, off-the-shelf UAVs equipped with a camera and GNSS
are now available for use in coastal research applications (Turner et al. 2016). These
UAVs are usually small multirotor drones such as the DJI Mavic Pro or the DJI
Phantom 4, capable of carrying a payload of around one kilogram. Besides a UAV, this
method requires GCPs, for referencing the images (Section 2.2.2) and an SfM pipeline
to reconstruct the topography from the images (Section 2.2.3).

Utilizing off-the-shelf equipment makes this technique cost-efficient and flexible.
Flexibility is, however, limited by weather conditions. Strong winds can influence the
UAV’s automated flight path, and both rain and direct sun can greatly affect the quality
of the images. Therefore, cloudy conditions are preferred when conducting a UAV
survey (Leitéo et al. 2015).

Papakonstantinou et al. (2016) further highlight the high level of automation, the ease
of conducting such a survey, and the resulting high repeatability and the high resolution
of under 5 cm as significant benefits compared to other methods used to monitor coastal
zones. Extensive further research has been done, backing UAV-SfM as a viable option
for coastal monitoring (Harwin and Lucieer 2012; Mancini et al. 2013; Gongalves and
Henriques 2015; Long et al. 2016; Chen et al. 2018; Elsner et al. 2018; Westoby et
al. 2018). Shortcomings linked with this technique include a relatively small spatial
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coverage and the necessity of GCPs. While the spatial coverage is likely to increase
over time due to battery improvements increasing flight times, the need for at least one
GCP will most certainly remain.

2.2. UAV data processing

2.2.1. Structure-from-Motion

SfM is a photogrammetric technique in computer vision, capable of reconstructing a
3D scene from 2D images at high resolution. This allows for the construction of a DSM
from a set of aerial images. The method uses the principle that depth can be recovered
from multiple viewpoints whose relative position is known through triangulation, much
like human binocular vision (Iglhaut et al. 2019). Multiple viewpoints can be retrieved
from a single camera if either the camera moves while the object of interest remains
stationary or vice versa. In the case of UAV flights, a single camera moves while the
surface remains stationary. Two problems remain: firstly, a method is required to
identify the same feature in two different images (tie points), and secondly, the image
viewpoints need to be recovered to retrieve relative positions between them.
Conventional SfM algorithms, therefore, follow the process described in Figure 1,
including the three main components: Feature extraction and matching, camera motion
estimation, and 3D structure recovery (Ozyesil et al. 2017)

e \‘ | N
i ‘ Input Image Set }-—'{ Feature Extraction }—~| Feature Matching ‘

"| GPS, camera calibration [L I Geometric Estimation ‘
Geo Dense 3D Sparse 3D Bundle
\ -Registration Reconstruction reconstruction adjustment /

Figure 1 - Structure-from-Motion 3D reconstruction pipeline. (Workflow diagram adapted from Vasile et al. (2011))

In the feature extraction step, distinct features (key points) are identified in each image
and compared with key points in other images. If images overlap, it is possible to
identify the same key point in multiple images and match them, forming tie points.
Feature extraction and matching methods are based on the idea that similar-looking
features are likely to correspond to the same feature in the real world. Such algorithms
started as corner detectors and developed towards cluster-based approaches to identify
clusters belonging to a single object, such as the commonly used Scale Invariant Feature
Transform (SIFT) algorithm (Moravec 1980; Lowe 2004). SIFT and other improved
algorithms allow for identifying tie points anywhere in the image even if the quality,
brightness, or scale differs between the images. Once features are identified in all
images, features from one image can be matched to those in all other images to create



tie points. Each tie point is identified and grouped with other tie points if these describe
the same feature (stereo matching).

The next step is to estimate the interior and exterior orientation parameters (Snavely
2011). Exterior orientation parameters describe the pose of the camera, thus the
orientation and position of the camera. Interior orientation parameters include camera
focal length, coordinates of the principal point of the image, and lens distortion
coefficients. Both exterior and interior orientation parameters can be retrieved from the
network of tie points using bundle adjustment to align the images (Agisoft 2020b).
Simultaneously a sparse point cloud representing the triangulated 3D coordinates of the
most prominent features is calculated through stereo matching. Depth for overlapping
image pairs can then be calculated by generating multiple depth maps for each image.
When combining these depth maps, a partial dense point cloud for this image is created.
Combining these individual dense point clouds allows for constructing a final dense
point cloud for the entire study area. This final dense point cloud can then be used to
create a DSM.

Metashape, earlier Photoscan, is a commercial 3D reconstruction software produced by
Agisoft LLC, Russia. There are many other commercial software packages (e.g., Pix4D,
RealityCapture, VisualSFM, Bentley CC) and some Open-Source tools (e.g., ColMap
or AliceVision) able to handle this workflow. Comparisons of SfM software packages
by Jiang et al. (2020) and Kingsland (2020) have shown that while Metashape has a
longer processing time, it is the most reliable in image alignment and produces some of
the best results that are both consistent and repeatable. Pix4Dmapper stands out as it
rivals Metashape in accuracy while processing much faster (Kingsland 2020).
Nevertheless, Sefercik et al. (2019) concluded that Metashape performs better when
generating DSMs. Further, Metashape has found much success and application in
research when reconstructing 3D scenes (Verhoeven 2011; Li et al. 2016; Hendrickx
et al. 2019). While the exact algorithms used within Metashape are not published,
Agisoft confirmed in 2011 that the feature matching step works similar to the SIFT
algorithm, and camera locations are approximated and later refined using bundle-
adjustment, a process similar to the Bundler system (Semyonov 2011). Metashape
favors accuracy over speed, a theory confirmed by various papers since (Jiang et al.
2020; Kingsland 2020).

2.2.2. Georeferencing using GCPs and standard GNSS

As briefly mentioned before, the SfM-pipeline reconstructs the 3D scene only
relatively. It is, therefore, necessary to georeference the output model from the SfM-
pipeline. Ground Control Points (GCPs) are required to do this accurately. GCPs are
usually square markers made of waterproof material, painted with a high contrast
pattern to make them easy to identify. If these points are well distributed and the
coordinates of these GCPs are known, it is possible to identify and reference the DSM.
Even though GNSS is improving, and real-time kinematic/post-processing kinematic
(RTK-PPK) methods are introduced to UAV systems, at least one GCP is still necessary
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for reliable referencing (Tonkin and Midgley 2016). RTK and PPK are GNSS
correction methods used to correct location errors. The UAV used to derive the
provided datasets, however, did not include such a system.

When using standard GNSS, it is essential to use multiple evenly distributed GCPs
(Jaud et al. 2018). Saponaro et al. (2019) provide an extensive study on the GCP
requirements for a successful UAV-based topographic study. They conclude that the
usage of low-precision equipment typically used on a UAV requires post-processing of
the sparse point cloud to guarantee the precision standards required for topographic
purposes. Such post-processing of the sparse point cloud can usually be done in SfM
software packages such as Metashape. Further, Saponaro et al. (2019) suggest using 6-
7 GCPs for GIS (Geographic Information System) applications and more than 15 GCPs
to produce accurate cartographic work. Proper referencing of the images is crucial
before the SfM pipeline can be utilized to ensure reliable results.

2.3. Identifying GCPs on images

When identifying the center of the GCP in the image, the software is told where this
accurately measured point is located. Identifying three points like this is sufficient for
the software to identify the same point in all other images accurately. Software such as
Metashape provides automatic identification methods. Limitations being that
depending on the number of objects resembling a GCP in the study area, the process
can get error-prone, and only certain GCP types can be identified. Further, this
automated system requires manual input of the coordinates, as there is no way for it to
know which point corresponds to which measurement. James et al. (2017) proposed a
semi-automated GCP identification compatible with early versions of Agisoft
Photoscan. While the method is promising, it requires a manual initiation process to
identify a GCPs position in an image (James et al. 2017). Therefore, even this approach
is not sufficient to provide a fully automated workflow.

2.4. Masking water from the images

Goncalves and Henriques (2015) pointed out that the water from breaking sea waves
can make it difficult for software like Metashape to generate accurate tie points.
Therefore, they propose using masking techniques to exclude such areas from the
individual images during the feature identification and matching steps. However, to
study coastal areas thoroughly, it is necessary to include all areas of the beach, all the
way to the swash zone (Figure 2) (Papakonstantinou et al. 2016). The swash zone
describes the part of the beach which is alternately wet or dry due to wave run-up. It is,
therefore, desirable to generate water masks in a way that only areas outside of the
swash zone get excluded. Further, it is not desirable to manually create individual water
masks for every image in every UAV flight.



Figure 2- Location and change of the swash zone between the beach and the sea at different weather conditions
(Figure adapted from Danchenkov and Belov (2019) using own unmanned aerial vehicle image from image set 6)

Image segmentation describes the process of classifying an image into homogeneous
areas (Cheng et al. 2001). Each pixel in an image is labeled to match one of the
predefined classes. This can be done efficiently using machine learning, especially
convolutional neural networks (CNNs). CNNs are a type of neural network in which
the architecture is specified to detect complex features in data. For an in-depth
description and assessment of recent advances in CNN, please refer to Gu et al. (2018).
To build such a CNN model for image segmentation, the Tensorflow 2.0 Python
repository containing the deep learning APl Keras can be used (Chollet 2015; Abadi
et al. 2016). Tensorflow is an open-source machine learning system providing the
architecture for large-scale machine learning (Abadi et al. 2016). Keras provides the
high-level building blocks for developing deep-learning models and uses Tensorflow
as the backend engine (Chollet 2018). Keras is widely used, for example, by Google,
Netflix, and the machine-learning competition platform Kaggle (Chollet 2018).
Additionally, this approach has been acknowledged for implementing image
segmentation, especially in medical research but also when working with aerial images
(Roth et al. 2018; lvanovsky et al. 2019).

2.5. Parameter Settings in Metashape

When working with Metashape, the user can select different settings at certain
workflow stages affecting the final DSM. For example, during image alignment, these
include if images should be upscaled or downscaled and the maximum number of
identified points on multiple images (tie points). In addition, when optimizing the
retrieved point cloud, different metrics are available to disregard tie points of poor
quality.

Identifying the optimal settings in Metashape is difficult. Little research has been
published, as many commercial users do not publish their findings. Studies providing
information about the influence of parameters on the quality of the product include
James et al. (2017), Roder et al. (2017), Mayer et al. (2018), and (USGS 2017).
Generally, optimal parameter settings differ greatly depending on the study area and
hardware used. However, the settings and workflow found in literature will be used as
guidelines and tested for this study area. Further, Rdder et al. (2017) and USGS (2017)
used Agisoft Photoscan version 1.2.6, James et al. (2017) version 1.3.2 and Mayer et
al. (2018) version 1.4.1. Settings used should therefore be double-checked for
Metashape version 1.7.0, the version used in this thesis.
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3. Methodology

3.1. Study Area and Data

3.1.1. Study Area

The study area describes a coastal stretch around the point 14.310 N and 55.913 E
(EPSG: 4326), encompassing an area of 0.232 km? just south of Ahus harbor in the
eastern part of the municipality of Kristianstad, Sweden (Figure 3). A similar study area
was defined by the erosion investigation report from 2018 by the Danish Hydraulic
Institute (DHI) Sweden, on behalf of Kristianstad Municipality, as Norra Aspet
(Eriksson 2018). For convenience, the study area in this thesis will therefore also be
referred to as Norra Aspet.

Norra Aspet is part of Vattenriket, the oldest of seven biosphere reserves in Sweden
(Pearce 2019). The beach consists of predominately postglacial fine sand, making it a
popular bathing destination. Behind this 10-30 m wide stretch of beach, aeolian sands
in the form of 1-3 m high dunes characterize the landscape. The dunes are covered
mainly by small shrubs, typically beachgrass, behind which a prominent open pine
forest emerges. Here, hundreds of houses, mainly used as summer residencies, are often
located less than 5 m above local sea level. In 2017, the County Administrative Board
of Scania expressed their concerns regarding the risk of building close to the coast,
temporarily halting the construction of new houses in the area (Léansstyrelsen-Skane
2017). Between the 1940s and 2010, approximately 15-30 m of the beach has eroded.
Further, a 2020 report by the Geological Survey of Sweden (SGU) emphasizes the
erosion threat by labeling the study area as a beach with significant erosion (Nyberg et
al. 2020).

Despite these risks, demand for property remains high due to its locality within a nature
reserve and the proximity to prime bathing beaches. With building plots located right
on the dunes, it is important to monitor the coastal processes as accurately as possible
to minimize human and economic damages. Therefore, the municipality of Kristianstad
has decided on using a UAV-SfM approach, as described in the following sections.
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Figure 3 - Approximate location of the study area (red box) and where the study area is located on a larger scale
(bottom right). Coordinate reference system: EPSG 4326

3.1.2. Data

Three different datasets were used, including UAV images, GCP measurements, and
TS measurements (Table 1). UAV image sets and corresponding GCP measurements
were taken on the same day. All datasets were provided by the municipality of
Kristianstad. In Metashape, datasets were processed using the CPU (CPU: Intel Core
i7-6700 at 3.4GHz, RAM:64GB).

Table 1 — Datasets used including date, reference system and source.

Datasets Collection date Coordinate Source
Reference System
(CRS)
UAYV Image Sets 2017-2020 WGS84 Municipality
(EPSG: 4326) Kristianstad
GCP measurements ~ Same as UAV Image SWEREF99 13 30 Municipality
Sets (EPSG: 3008) Kristianstad
Total Station 08/2020 & 10/2020  SWEREF99 13 30 Municipality
measurements (EPSG: 3008) Kristianstad
UAYV images

The UAV image dataset of the study area consisted of six flights covering the entire
study area between October 2017 and June 2020 (Table 2). Due to the UAV’s battery
limitations, a single flight could not cover the entire study area. Therefore a minimum
of three individual flights were required to provide full coverage. While some of these
flights were conducted on the same day, limited daylight and weather caused some to
be up to nine days apart. The study area was covered by around 600 individual
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Red/Green/Blue (RGB) images in jpg format, taken from a Sony A6000 camera (Sony,
2014, Japan) mounted to a Trimble ZX5 Multirotor (Trimble, 2015, USA). The setup
included standard GNSS, with a flight time of 20 minutes, being stable up to wind
speeds of up to 10 m/s (Trimble 2015). The complete hardware specifications can be
found in Appendix A and B. Throughout the optimization section of this study, the most
recent flight (UAV Image Set 6) was used. The other image sets were used for training
the water mask model and for evaluation purposes.

Table 2 — List of available UAV datasets, including weather and wind conditions obtained from the weather
station located at Kristianstad airport (ca. 10 km from the study area).

UAV Flight date and time Weather condition  Wind Wind

Image Set  (dd/mm/yyyy — hh:mm) direction speed

ID (m/s)

1 10/10/2017 — 10:00 Sunny WNW 4
11/10/2017 —11:00 Scattered clouds WSW 3

2 01/04/2019 — 11:00 Sunny E 3
09/04/2019 — 11:00 Mostly cloudy NE 4

3 09/10/2019 — 11:00 Mostly cloudy WSW 5

4 03/12/2019 - 11:00 Cloudy SW 3
04/12/2019 - 11:00 Cloudy w 4

5 23/03/2020 — 11:00 Sunny S 3
25/03/2020 — 11:00 Sunny SW 4

6 28/05/2020 — 11:00 Sunny NE 3
29/05/2020 — 11:00 Sunny NE 3
02/06/2020 — 10:00 Sunny NW 3

Ground Control Points

While conducting the individual flights, the municipality placed a set of well-
distributed GCPs, containing elevation data, measured using RTK-GNSS on a Trimble
GeoXR (Trimble, n.d., USA) for measurements between 10/2017 and 04/2019. From
10/2019 forward, the Leica GS18I (Leica, n.d., Germany) was used. Using the Leica
GS18I, Schaufler et al. (2021) found that the measurement error of this equipment was
2.9 cm horizontally and 2.5 cm vertically.

The distribution of the GCPs in the study area for the UAV image set 6 can be seen in
Figure 4. As mentioned in Section 2.2.2, a total of 15 GCPs are recommended to use to
ensure highly accurate results. In this study, 33 GCPs were available for each flight,
thus more than enough to meet the requirements.
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Figure 4 - Distribution of ground control points in the study area for unmanned aerial vehicle image set 6.
Coordinate reference system: EPSG 3008

Total station measurements

The municipality measured the elevation of more than 100 points per TS dataset using
a Leica TS16 achieving an uncertainty in the millimeter range. These were split into
several profiles along the beach, often between where GCPs were placed in UAV image
set 6 (Figure 5). Due to the time discrepancy between the closest UAV flight (06/2020)
and the TS measurements (08/2020), these measurements could not be used as ground
truth data for the evaluation of the final DSM. Possible storm events between the UAV
flight and TS measurements could influence the elevation data. In this case,
measurements closer to the coastline would be expected to be affected more whilst
measurements further from the coastline were not expected to change much, and
therefore this dataset was used as a plausibility control.

A

¢ TS measurements

0 100 200 300 400m Profile 6

Figure 5 — Distribution of total station measurements in the study area for unmanned aerial vehicle image set 6.
Closer zoom onto the distribution of Profile 6. Profiles were numbered from south to north. Coordinate reference
system: EPSG 3008
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3.2. Workflow Automation

3.2.1. Overview of the workflow

Figure 6 shows the general workflow of this thesis. UAV images, water masks, and the
identification of GCPs were required before SfM processing could be conducted. The
result of the SfM processing was a DSM which was then assessed in terms of its vertical
accuracy. For this step, GCPs were previously split into control and check points and
then compared with the DSM elevation at the same locations. Check points define
GCPs that were used in the Georeferencing step while control points refer to 20% of
the GCPs that were set aside randomly and not used for georeferencing to ensure
validation to be as independent as possible.

—————————————————————————————————————

' Automation
'

UAV images

l

Water mask

|

Identify GCPs

' T outh
| | Optimization

Structure-from-Motion

\ T Creation and Evaluation l x
Generate DSM

s oo -

Accuracy Assessment

Figure 6 - Overview of the general workflow in this thesis

There was an extensive number of parameters to select from during this workflow in
Metashape (Table 3). Therefore, it was decided to adopt values from literature and then
conduct individual testing to ensure that these values were well-suited for this study
area and Metashape version. Finally, having derived the optimal parameters ensuring
time-efficient, accurate and repeatable DSM construction, the pipeline was converted
into a Python script executable using the Python console in Metashape.

The python console in Metashape was used to automate most of the workflow. The only
steps that were not possible to automate in the python console were identifying and
importing GCPs automatically and creating individual masks if desired. Therefore,
python scripts were developed to create solutions outside of the Metashape python
console. The outputs created for both the water mask and the GCP identification were
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made compatible with the Metashape automated workflow script. This allowed the
possibility to create a fully automated UAV-SfM workflow to build highly accurate
DSMs.

3.2.2. Water mask

Access to a sizeable dataset consisting of annotated images was required to
automatically generate water masks using machine learning. Additionally, a machine
learning model capable of image segmentation was required.

Premade, annotated UAV datasets were rare but available. One such dataset was the
Semantic Drone Dataset provided by TU Graz (TUGraz 2019). However, the dataset
did not include enough water pixels (open water) to train a model sufficiently.
Therefore, a training dataset needed to be created from scratch using a portion of the
raw UAV images to increase the chances of success. Using GIMP, approximately 400
UAYV images from different UAV image sets were annotated manually, detailing if an
area in an image was land or water. This annotated dataset was then split, 80/20, into a
training and validation dataset at random.

The Keras-segmentation python module was used to provide a simple way of
implementing predefined, proven image segmentation models (Gupta 2019). A quick
trial run was conducted on the dataset using different base models (VGG-16 and
Resnet) and segmentation models (UNet and Segnet). While the differences were
minimal, the combination of VGG-16 and Segnet (VGG-Segnet) gave the best result
and further used. A total of 10 epochs were used to train the VGG-Segnet model. The
number of epochs corresponds to the number of times the model will iterate through
the entire dataset. While inspecting the change in loss and accuracy after each epoch,
for 12 epochs, it became apparent that some overfitting occurred after the 10th epoch,
making 10 epochs a reasonable choice. Overfitting occurs when the model
“memorizes” or learns patterns specific to the training data that are not relevant for any
other data. The result is that the actual accuracy of the model is worse than the training
accuracy projects.

After training, the image segmentation model needed to be evaluated to ensure a well-
performing model. Two metrics were used, pixel accuracy and Intersection-over-Union
(loV). Pixel accuracy defines the share of pixels in the predicted image classified
correctly, as seen in Equation 1 (Wu et al. 2016). TP representing the number of true
positive pixels, the number of pixels that were identified correctly as water and TN the
number of true negative pixels, the number of pixels correctly identified as not water.
FP the number of false positive pixels, the number of pixels incorrectly identified as
water, and FN the number of false negative pixels, the number of pixels incorrectly
identified as not water.

TP+TN

Pixel Accuracy = TPATN+FP+FN

(Equation 1)
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The biggest limitation of this metric is class imbalance. Class imbalance occurs when
different classes are extremely imbalanced in an area. In this case, the class split was
65 % land and 35 % water and therefore no class imbalance occurred.

Once trained and evaluated, the model was used before starting image alignment to
create masks for all raw images automatically. Masks were then imported into
Metashape and used within the image alignment process. Here, the masks could either
be applied to key points or tie points. Apply mask to tie points denotes that any area
masked on any image will be excluded from all other images (Agisoft 2020b). Any
areas falsely classified as water would therefore be excluded from the entire SfM
process. Additionally, water moves constantly, and therefore an area covered by water
in Image 1 may not be covered by water in Image 2. Therefore, Apply mask to key points
was the safer and better option for the purpose of this study.

The water mask was used to identify the effect of masking out most of the noise
introduced by water in coastal study areas. Further, it was a vital part of the automatic
GCP identification to decrease the chance of misclassification. Light reflections on
water were one of the most significant causes for misidentifying GCPs as they can
appear to look very similar to white GCPs (Figure 9).

3.2.3. Automatically identifying GCPs

The main issue with automating the Metashape pipeline is identifying each GCP. When
importing the coordinates of GCPs, the automatic placement of each marker did not
correspond with the GCP's location in the images. Therefore, the manual method was
to drag and drop the marker guesses onto the exact location of the markers in the
images. This method was tedious, and it was challenging to identify the GCPs with
varying brightness levels. Therefore, it was of interest to create an automated method
to identify each GCP and correspond it with the measured real-world coordinates. To
achieve this, each GCP needed to be identified in the images and associated with the
corrected reference system coordinates. An algorithmic approach was used to identify
the two different types of GCPs used throughout the UAV flights (Figure 7).

Figure 7 - Examples of the two different ground control point types, the white variant (a) and the yellow/black
variant (b).



Figure 8 shows a simplified workflow outlining the process of identifying the GCPs.
First, clusters of adjacent pixels containing similar RGB values corresponding to the
color of the GCP were identified using the python package skimage. However, only
three bands were available (RGB), and separating the GCPs from the background solely
through the means of these pixel values proved very difficult. Therefore, shape and size
were further considered, and thresholds were set accordingly after inspecting the
images.

UAYV image

GCP Identification
A4
Identify clusters based on:
Yellow GCPs

‘White GCPs *  RGB pixel values - Two yellow triangles
- Solid white *  Major axis length 1 -  Two black triangles
- Square *  Minor axis length - Requires both in close

Ratio of max and min axis length proximity

Solidity

Y

Keep image if min. three clusters were found

Match predicted and actual GCPs

Y

Compare relative location of all predicted GCP triplets
to that of each real GCP-triplet

v

Triplets with the smallest differences are matched up

v

List of GCPs with image coordinates,
real-world coordinates and elevation

v

Import GCPs

Figure 8 — Simplified workflow of the method used to correctly identify a ground control point.

UAV flights in coastal environments contain images predominately covered by water
and sand. This contrast caused issues with the brightness making the white GCP plates
range between 210/210/210 (RGB) and 250/250/250 (RGB). Further, the water surface
reflected very brightly when hit by the sun causing many white clusters that on occasion
fit both the shape and size thresholds. GCPs were not expected on the water, so
therefore the previously created water mask was utilized. However, these constraints
still resulted in several misidentified clusters as objects or reflections proved to be too
similar (Figure 9). Hence, an additional constraint was added, the relative position
between three GCPs. This constraint further allowed to link predicted GCPs to the
measured GCP list provided by the municipality Kristianstad.
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Figure 9 - Objects looking similar to the white ground control points; a and b showing anthropogenic objects, ¢
showing the effect of light reflection on water and d showing rocks along the coast.

In the UAV image set 6, the GCPs were distributed in sets of three along the beach
(GCP triplets). This distribution not only allowed for a well-distributed set of GCPs but
also to calculate relative positions between GCPs as some images covered three
different GCPs as shown in Figure 10. Knowing the distribution of these points in the
real world, this distribution was expected to be very similar to the images taken from
overhead. While this was not entirely true as the yaw, pitch, and roll angles of each
image cause slight distortions, this approximation was sufficient for the purpose here.

Figure 10 —a) A set of correctly identified ground control points (A,B,C). b) The same points but additionally a falsely
identified point (D). Absolute distances as well as distance ratios between considered points clearly differ.

Figure 10 is a visual simplification of this approach. Figure 10a displays the actual
location of a GCP triplet distributed along the beach. By calculating the ratio of two
distances between one point and two other points in the triplet (e.g., A-B and A-C), this
ratio was approximately the same for the real-world measurements and the pixel
coordinates. This method was then repeated for the other two points to increase the
chance of finding the correct points. Figure 10b shows what happened if the algorithm
identified a wrong GCP based on size, shape, and color (D). Calculating the ratios using
D instead of C led to deviations from the real-world, measured ratios. The pixel size
was further included (1.4 cm) in the calculation to account for situations where ratios
could not distinguish between valid and invalid GCPs. If a configuration of three points
met all specified thresholds, it was saved to a point set.

It remained unclear which configurations correlated to which measured GCPs in the
provided list. Therefore, the absolute differences between measured and predicted
ratios were calculated using the pixel size. The predicted triplet with the configuration
that provided the smallest difference to the measured triplet then corresponded to this
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measured triplet. A text file was finally created, including the image name, marker ID,
image pixel coordinates, measured geographical coordinates, and each point's altitude.
To evaluate this method, GCPs were identified this way for four different flights. It was
observed how many GCPs were placed for the flight, how many were correctly
identified, and how many were falsely identified. Further, for the 06/2020 flight, the
points were imported into Metashape, and the goodness of fit of the placement was
determined visually.

GCPs were then imported using the python console in Metashape. The only option
found to achieve this automatically was to create a model (mesh) and then pick a point
on the mesh and set the marker. However, it was apparent that the mesh may introduce
an additional source of error as some points were incorrectly placed due to the mesh
being too coarse. This was the reason for building a dense point cloud of the lowest
quality before then using this to build a finer mesh.

3.3.  Optimization of settings in Metashape

Succeeding the automated water mask and GCP identification, the two steps necessary
to fully automate the pipeline, the next step was to find optimized parameters within
Metashape. This ensured that for the same study area, the resulting DSMs were
comparable and of high quality. Figure 11 shows a more specific workflow of
processing within Metashape and was adopted from Gindraux et al. (2017) and Acorsi
et al. (2019). The six main steps described in more detail were denoted with a letter (A-
F).

UAV images

| Optimization i '

A Image alignment*

|

s Optimize alignment*

!

¢ Import GCPs

|

o Optimize weights*

|

¢ Dense point cloud

e S 3

Generating DSM

'

Accuracy Assessment

Figure 11 - General overview of the steps from the raw image to a digital surface model. Asterisk denotes that the
step was looked at in detail within the optimization section of the thesis. Steps A-E belong to the structure-from-
motion steps processed in Metashape.
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Steps followed by an asterisk in Figure 11 were steps in Metashape, which contained
parameters that were looked at in more detail to identify optimized settings. Table 3
shows the full list of parameters that were tested together with the corresponding
workflow step.

Table 3 — Full list of Metashape parameter settings tested throughout this thesis.

Workflow  Parameter Settings

step

Image Accuracy Highest, High, Medium, Low, Lowest
Alignment  Key point limit 5,000 — 500,000

(A) Tie point limit 1,000 — 60,000

Adaptive camera fitting ON/OFF
Guided image matching ON/OFF
Reference (source) ON/OFF
preselection

Optimizing  Reconstruction uncertainty 30, 20, 15, 10, 7

sparse point  Projection accuracy 10,8,5,4,35,3,25,2,15
cloud (B) Image count 2,3,4

Reprojection error 0.4,0.35,0.3,0.25,0.2,0.15,0.1
Optimize Marker accuracy (m) 0.001, 0.005, 0.01, 0.03, 0.05

Weights (D) Marker accuracy (pixel) 0.05,0.1,0.3,05,1,2
Tie point accuracy (pixel) 05,1, 15,2

3.3.1. Image alignment (A)
Having preprocessed the data, the images were aligned. When using the Align

Photos tool, several parameters were adjustable (Figure 12).

Align Photos
General
Accuracy: Highest
Generic preselection
Reference preselection Source
Reset current alignment
Advanced
Key point limit: 140,000
Tie point limit: 1}
Apply masks to:
Exdude stationary tie points
Guided image matching

Adaptive camera model fitting

o< ] Concel ]

Figure 12 - Image alignment window in Metashape, showing possible parameters that can be changed. Settings
presented in the figure are those used in the final results for image alignment.

When setting the accuracy to high, the software estimated the camera positions without
downscaling the images (Agisoft 2020b). Each lower accuracy setting downscaled the
images by a factor of four compared to the previous. Highest upscaled the images by a
factor of four. Literature suggested that using higher accuracy settings correlated with
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a better alignment (Rdder et al. 2017). However, if the resolution was too fine, this
could cause more outlier points, hence decreasing the alignment quality (Tinkham and
Swayze 2021). Therefore, all accuracy settings were tested, and computational time and
reprojection error observed.

When reference preselection (source) was toggled, the approximate positions of the
GNSS were used to provide relative orientation and hence reducing processing time
(James et al. 2017). However, the extent of this was unknown and therefore tested by
running the image alignment with and without this setting, using the same hardware
and software and noting the computational time of the process displayed by Metashape.

Key point limit and tie point limit described the maximum number of feature points
considered by the software during alignment. A higher number may increase the
number of points, but it may also increase the number of less reliable points. Therefore,
a sensitivity analysis, consisting of 14 settings between 5000 and 500 000 key points,
was conducted. The results were plotted on a graph toidentify how reprojection error
and computational time change as the key and tie point limit differs. Similarly, a
sensitivity analysis of 11 settings between 1000 and 60000 tie points was conducted. If
a key or tie point limit of 0 was used in Metashape, this meant that there was no limit
and all points were considered in the calculation.

Exclude stationary tie points was toggled as it excluded any tie points that were in the
same place across different images (Agisoft 2020b). The UAV was constantly moving,
hence not allowing tie points to be stationary. Any stationary tie points were therefore
falsely identified.

Little had been published about the effect of the Guided image matching and adaptive
camera model fitting, which was why these two settings were toggled on and off to
identify the effect on the computational time and the reprojection error. Guided image
matching allowed for the generation of excessive number of tie points required for very
high resolution images (Agisoft 2020b). Adaptive camera model fitting allowed to
enable the automatic selection of camera parameters based on their reliability
estimates in the adjustment process. During this parameter selection step, it was further
possible to include any premade masks into the workflow.

3.3.2. Optimizing alignment (B)

Optimizing the alignment was vital to detect and remove any outliers or low-quality
points. It was desirable to thin the point cloud to only contain high-quality points while
also keeping enough points to work within later stages. The metric used to assess the
quality of the sparse point clouds was the RMS tie point reprojection error (RMSRE).
It represented the RMSE of the residuals of the image coordinates computed by the
bundle adjustment process (Mayer et al. 2018). These residuals were further required
to be distributed randomly to ensure no over-parameterization occurred (James 2017).
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Keeping a high number of tie points was important to ensure that the final DSM did not
contain holes or required extensive interpolation. The effect of decreasing the number
of tie points was seen in Figure 13. While technically only points of lower quality were
deleted, at a certain point, holes began to form in the point cloud. Since the beach was
the area of interest, initial thinning in the areas covered by water or in the built-up area
could be overlooked. In Figure 13c however, holes began to form in parts of the beach,
making the point cloud too thin. This would increase the amount of interpolation
necessary, thus decreasing the quality of the final product.

502,353 ponts

Figure 13 — Visual comparison of three sparse point clouds in Agsioft Metashape. 13a showing a point cloud before
any optimization with ~ 4,000,000 tie points. 13b showing the optimized point cloud as derived in this thesis
containing ~ 1,200,000 tie points. 13c shows an overly optimized point cloud with many gaps, containing ~ 500,000
tie points.

Metashape offered a tool called gradual preselection, which encompassed four
methods of identifying suboptimal points, reprojection error, reconstruction
uncertainty, projection accuracy, and image count. After using each method, the
selected points were deleted, and cameras realigned using the optimize cameras
tool with adaptive camera model fitting turned on. It was recommended to repeat each
method and optimization to ensure that the limits set are met (USGS 2017).
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Reprojection error was the distance between the point on the image where a
reconstructed 3D point was projected and the original projection of that 3D point
detected on the photo (Agisoft 2020b). To ensure a subpixel alignment, points with
reprojection  errors  larger than one  were excluded. Reconstruction
uncertainty characterized the accuracy of positioning points in the cloud and was
recommended before building the geometry when constructing the dense point cloud
(Agisoft 2020b). Projection accuracy filtered out points which projections were
localized poorer due to their larger size (Agisoft 2020b). Recommendations for this
setting varied from anywhere between 2 and 10 (Diez Diaz et al. 2017; USGS 2017).
The last option available was image count. Image count allowed the filtering of tie
points that were only present in a small number of images. Tie points present in two
images were less reliable than tie points identified in a higher number of images. Since
Agisoft had not published any recommended values for these parameters and the
suggested values in literature varied, a sensitivity analysis for each parameter was
conducted to identify the effect on residual size and distribution. Depending on the
parameter, between four and ten individual settings, covering a range of values, were
used in runs, keeping all other settings constant.

3.3.3. Referencing to GCPs (C)

Using the proposed automated GCP identification approach, GCPs were imported in
one of two ways (Figure 14). Both methods required an optimized sparse point cloud
and the construction of a mesh. A mesh connected points of a point cloud to create a
continuous 3D surface. When using a mesh, it was identified that a point on the mesh
could be selected and a marker placed at that position, like the manual drag and drop
approach. Said mesh could either be created coarsely using the sparse point cloud as a
basis or finely by first building a dense point cloud before creating the mesh from the
dense point cloud. Building a dense point cloud increased the computational time of the
process significantly, which was why the lowest quality with mild filtering was used.

To compare the performance of the two automated GCP placement methods, the
placement of markers on four different GCPs (two white and two black/yellow) was
compared with results using the manual approach. Here the measured GCP list was
imported as markers, and each marker was then manually adjusted to be precisely
placed on the center of the corresponding GCP. This was done for each GCP on three
images which was sufficient to ensure high accuracy.
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Mesh List of identified GCPs
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) Optimize weights

Figure 14 — Detailed workflow of the ground control point import step showing the two methods of either directly
generating a mesh or first building a dense point cloud before then generating the mesh from the dense point
cloud.

The GCPs were then split into two groups. From the 33 GCPs, 27 remained as GCPs,
while six spaced out but randomly selected points were used as check points (CP)
(Figure 15). The GCPs were then used to optimize the sparse point cloud further.
Having transformed the coordinate systems accordingly, the cameras were optimized
once again with the GCPs toggled. Introducing CPs allowed to monitor the quality of
the results with respect to measured points independently from the GCPs.

0 100 200 300 400m

Figure 15 — Overview of the placement of ground control points (red circles) and check points (yellow triangles) in
the study area for unmanned aerial vehicle image set 6. Coordinate reference system: EPSG 3008
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3.3.4. Weighting observations (D)

Metashape allowed tie point, marker, and camera observations to have different
weights, depending on the confidence of their respective positional measurements
(Figure 16). Marker accuracy (m) was set to the uncertainty of the field measurements,
in this case, 0.03 m. Tie point accuracy (pixel) and marker accuracy (pixel) were left
at their default values. James (2017) suggested running the bundle adjustment using
default values before substituting these for the output values and rerunning the bundle
adjustment. This suggestion was tested, but since values differ in literature, a sensitivity
analysis was conducted to evaluate the effect of marker accuracy (pixel), marker
accuracy (m) and tie point accuracy (pixel). For marker accuracy (pixel), six values
ranging between 0.05 pixels and 2 pixels, for marker accuracy (m), five values between
0.001 m and 0.05 m and for tie point accuracy (pixel), 4 values between 0.5 and 2 were
tested and the GCP and CP error, as well as the residuals, were observed. Marker
accuracy (m), represents the uncertainty of the GCPs field measurements. However
literature suggests that this value is used merely as a weight and may therefore be
altered (Mayer et al. 2018).

Reference Settings
Coordinate System

SWEREF99 13 30 (EPSG::3008)
Camera reference
SWEREF99 13 30 (EPSG::3008)
Marker reference
SWEREF29 13 30 (EPSG::3008)
Rotation angles: Yaw, Pitch, Roll

Measurement Accuracy Image Coordinates Accuracy

Camera accuracy (m): 0 Marker accuracy (pix): 0.5
Camera accuracy (deg): 10 Tie point accuracy (pix): 1
Marker accuracy (m): 0,03

Scale bar accuracy {m):  0.001

Miscellaneous

Capture distance (m):

I =

Figure 16 - Reference settings window in Metashape showing among others marker accuracy (m), marker accuracy
(pixel) and tie point accuracy (pixel) which are looked at more closely in the later sections of this thesis.

3.3.5. Building dense point cloud (E)

Two parameters were possible to change when the dense point cloud was built (Figure
17). The first was the quality, which was similar to the image alignment accuracy
parameter. Ultra-high used the original images, and every lower quality step
downscaled the image by a factor of 4 (Agisoft 2020b). There was a significant
difference in processing time when altering this setting. High quality required
approximately three days to compute the dense point cloud and Ultra-high close to one
week. Therefore, Medium was used throughout this thesis. The second adjustable
parameter was depth filtering, including disabled, mild, moderate, and aggressive
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options. The depth filtering tool aimed to eliminate outliers by filtering noise from the
raw depth maps (Agisoft 2020b). The stronger the filter, the more noise was removed.
However, this noise could also be valuable information if the study area included sharp
elevation changes. In this case, the study area was described as a relatively smooth
sandy beach, and therefore an aggressive filtering mode was selected throughout the
study.

Buid Dense Cloud
General
Quality: High
Advanced
Depth filtering: Aggressive
Reuse depth maps
Calculate point colors
Calculate point confidence

Lo} cancel ]

Figure 17 - Window with options for building the dense point cloud in Metashape. The presented settings
correspond to those used in the final results.

3.4. DSM creation and evaluation

3.4.1. Generate DSM

Metashape allowed to generate a DSM from the dense point cloud. It was important to
ensure that the study area was entirely within the bounding box. The geographic
projection SWEREF99 13 30 (EPSG: 3008) was used, the dense cloud as the source
data and interpolation enabled. The default (enabled) interpolation, allowed to calculate
the DSM for all areas visible on at least one image and was recommended to use to
generate DSMs (Agisoft 2020b).

The DEM was then exported from Metashape, and vertical accuracy was assessed using
a wide range of independent profile measurements along the coast.

3.4.2. DSM accuracy assessment

To compare the vertical accuracy of each DSM, the root mean squared error (RMSE)
was calculated for the elevation of the DSM and the elevation of the measured GCPs
and CPs. The RMSE is a metric commonly used to compare elevation models to ground
truth data (Hirano et al. 2003; Hugenholtz et al. 2013). The spatially corresponding
point was identified for each measured point on the DSM, and the RMSE calculated
according to Equation 2.

2?:1(chelev_D5Melev)2
n

RMSE = J (Equation 2)

Wherenwas the number of points, GCPelevwas the GCP elevation,
and DSMelev represented the DSM elevation. GCPelev was substituted for CPelev to
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calculate RMSE in terms of check points. For comparisons with the total station
measurements, the same approach was used. To eliminate a source of human error, a
python script was written to automatically identify the GCPs/CPs on the DSM.
Corresponding elevation values for the DSM were extracted at the location of each
GCP/CP using the Geospatial Data Abstraction Library (GDAL) python package
(GDAL 2012).

To investigate spatial patterns, individual errors for each GCP and CP were mapped.
Further, the root mean square difference (RMSD) was calculated between the DSM and
the TS measurement profiles. While the TS profiles could not be used as the ground
truth (Section 3.1.2), a comparison provided information about the spatial distribution
of errors and accuracy between GCPs. Lastly, to identify possible artifacts, distortions,
or holes resulting from the workflow, an orthomosaic and a hillshade were created
(Appendix C-F). An orthomosaic described a set of geometrically corrected images
stitched together, creating an accurate representation of the area. A hillshade function
used the DSM and considered the sun’s relative position to create shading throughout
the image, which helped visualize the DSM.

4. Results

4.1. Evaluation of the automated water mask

The water mask was evaluated both visually and using metrics (Figure 18). Training
accuracy, validation accuracy, training loss andvalidation loss. Visually, the original
image was overlaid with the predicted water mask to observe the fit. Further, image
alignments with and without using the water mask were compared. Accuracy and Loss
curves were used to evaluate the training process of the neural network. The accuracy
curve (Figure 18a) shows that both the training and validation curves flatten out by the
tenth epoch. A slight underfitting may have still occurred, but overall, the model
seemed well trained. The shape of the loss curve (Figure 18b) shows that the model had
a high learning rate. The model was slightly underfitted as training loss was slightly
decreasing at the end of the tenth epoch. The validation dataset showed both higher
accuracy and a smaller loss than the training dataset. One explanation for this was that
the random validation dataset used was easier to predict than the training dataset.

Model Accuracy Model Loss

0.74

0.6

0.5

0.4

Loss

0.3

0.24

0.14

Epoch

Figure 18 - Accuracy (18a) and Loss (18b) plots of the image segmentation model. Dashed orange line
representing the validation results, blue line shows training results.
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The calculated pixel accuracy was 90%, meaning that 90% of the image's pixels were
correctly classified as either water or land (Figure 18a). Being a coastal area, it was
most important to identify the coastline in the images. Due to the overlap between
images, having misclassified small areas was secondary if the coastline was identified
correctly. A misidentified coastline could have resulted in masking out large parts of
the beach or keeping more noise caused by water, making DSMs from different flights
difficult to compare. A visual comparison by overlaying the original image with the
predicted mask was therefore made. Figure 19 shows the performance of the automated
water mask on a random validation image. The machine learning model was not trained
on this specific image. The coastline was captured well, but misclassification occurred
when distinguishing between water and vegetation, especially when the lighting was
not ideal. This was seen in the bottom and top right corners of Figure 19b.

Figure 19- The automated water mask in a validation image. 19a shows the original image, the 19b shows the
original image with the mask as a transparent overlay. Blue/green colour showing the predicted water, yellow the
predicted land.

The effect on the sparse point cloud is displayed in Figure 20. While not masking out
every water pixel in the study area, the water masks proved to be effective. When
comparing the zoomed-in areas, it was further seen that the optimized point cloud was
denser when using the mask (Figure 20b). The implementation of an automated water
mask within the pipeline was therefore feasible.
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Figure 20 — Difference between sparse point clouds when using the water mask (b) during image alignment and
without (a).

4.2. Evaluation of the automated GCP identification

Four UAV image sets were used to evaluate the performance of the proposed
algorithmic approach for automated GCP identification. GCP triplets possible to
identify referred to groups of three GCPs fulfilling certain assumptions required for this
approach to function correctly. If these assumptions were not fulfilled when placing the
GCPs, the approach could not be expected to identify the GCPs. Assumptions included
that GCPs were placed so that three GCPs were visible together on at least one image
and that the two types of GCPs were not used within the same group of three GCPs.

Table 4 show that for the 06/2020 image set, all 33 GCPs were possible to identify and
correctly identified. Especially in the 2019 image sets, GCP types were often mixed
within a triplet, or GCPs were not placed correctly, causing only a few GCPs to be
possible for the algorithm to detect. These GCPs were then largely identified correctly.
In the 03/2020 image set, all GCPs were laid out in triplets. However, one triplet was
spread too far, so that no image included all three of these GCPs and two GCP sets were
not possible to be identified. In none of the image sets, GCPs were falsely identified.

Table 4 - Performance of the automated ground control point (GCP) identification method compared to the total
number of GCPs and GCP triplets that were possible for the algorithm to identify. GCPs are required to be placed
in a group of three GCPs using the same marker style so that at least one image covers all three GCPs (GCP
triplet).

Image Set  Total number of GCP triplets Correctly Falsely
GCPs possible to Identified identified
identify GCP triplets GCPs
06/2020 33 11 11 0
03/2020 30 9 7 0
12/2019 33 3 3 0
04/2019 42 3 2 0
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A comparison of three methods of inserting GCPs into the Metashape project is shown
in Table 5. The standard, manual method of importing GCPs provided the highest
accuracy. The limiting factor for the automated GCP & sparse point cloud method was
that the mesh was too coarse. GCPs were not placed in the exact position defined by
the coordinates but instead as close as possible, which caused the error to increase.
Therefore, a dense point cloud was built to generate a finer mesh, which improved the
quality of the method significantly (Table 5).

Table 5 - Comparison in horizontal ground control point error (GCP_XYerr) and horizontal check point error
(CP_XYerr) when varying ground control point import/placement methods in Metashape.

Method GCP_XYerr (cm) CP_XYerr (cm)
Manual GCP 3.56 3.30
Automated GCP & sparse point cloud 6.70 5.30
Automated GCP & dense point cloud 571 3.64

The placement quality was visually compared by comparing marker placement for all
three methods using four example GCPs (Figure 21). It was shown clearly in these
examples that the GCPs were identified well, but the center point of the GCP was not
always found. While the Manual method showed perfect placement results for all four
examples, the automated versions were prone to slight inaccuracies. These were proven
to be smaller when the dense point cloud automation method was used.

Manual Auto Sparse Auto dense

Figure 21 - Comparison between the manual and the two automated placement methods. Each row shows one
example ground control point marker placement. From top to bottom these are Marker 4, Marker 24, Marker 44
and Marker 45.
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4.3. Evaluation of settings used in Metashape

4.3.1. Image alignment parameters
Accuracy

The results showed that a higher accuracy decreased reprojection error (Table 6). Both
the Highest setting as well as High setting achieved a subpixel reprojection error.
Compared to High, Highest accuracy further reduced reprojection error while the
increase in computational time was manageable (Table 6). For further parameter
teesting, Highest accuracy was selected.

Table 6 - Change in number of tie points (#TP), rms reprojection error (RMSRE) and computational time (CT) when
varying levels of accuracy during image alignment while keeping the other settings default. Default settings were,
highest accuracy, 40000 key point limit, 4000 tie point limit, generic preselection and exclude stationary tie points
toggled in Metashape.

Accuracy #TP RMSRE (pixel) CT (min)
Highest 390,418 0.903 138

High 368,214 0.953 110
Medium 336,833 1.193 103

Low 279,868 2.471 81
Lowest 66,969 4.551 53

Further options

Table 7 shows the effect of using generic preselection, reference preselection, adaptive
camera fitting, and guided image matching on #TP, RMSRE, and CT. Combining
both generic and reference (source) preselection had no notable effect on #TP and RE
of the image alignment. However, it reduced the computational time by ~ 50 %
compared to deselecting either preselection option and was therefore used in further
processing. Other settings did not show any notable positive effects on #TP, RE, or CT
and were not considered any further.

Table 7 - Comparison of different image alignment settings using UAV image set 6. Accuracy is set to highest
whilst toggling different parameters, in terms of Number of tie points (#TP), rms reprojection error (RMSRE) and
computational time (CT). Default settings were, highest accuracy, 40000 key point limit, 4000 tie point limit,
generic and reference (source) preselection and exclude stationary tie points toggled.

Setting #TP RMSRE (pixel) CT (min)
Default 390,578 0.900 73
Only generic preselection 390,418 0.903 138
Only reference (source) 333,956 0.986 143
preselection
Adaptive camera fitting 390,576 0.902 138
Guided image matching 389,360 0.898 153

Key point limit

The relationship between the key point limit and the RMSRE can be described as an
exponential decay (Figure 22, red line). When no key point limit was set, the software
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used the maximum number of key points, which varied between ~ 550,000 and 800,000
key points. Therefore, the minimum RMSRE achieved through varying the key point
limit was 0.609. The downside of such a large number of key points was the
computational time. As seen in Figure 22 (blue dashed line), computational time and
key point limit showed a linear relationship between 5,000 and 140,000. Therefore,
time continued to increase constantly while the reprojection error decreased less and
less. A key point limit of 140,000 provided a good balance between RMSRE and CT
and was used as a constant for further testing. #TP also increased as the key point limit
was increased. ~ 4,000,000 tie points were considered when a key point limit of 140,000
was specified compared to only ~ 150,000 tie points when a key point limit of 5,000
was used (Appendix G).

. 800
4 . . -
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Figure 22 — Effect of varying key point limit on reprojection error (pixels) and computational time. Table
containing the exact values can be found in Appendix G.

Tie point limit

RMSRE decreased as the tie point limit was increased (Figure 23). However, when
lower tie point limits were observed closely, RMSRE showed fluctuation and did not
necessarily improve with increasing tie point limits (1,000 — 10000). At such small
limits, a larger number of tie points may have influenced reprojection error either way,
as more points could have led to more good points or a large increase in bad points. At
around 10,000 tie points, this seemed to stabilize, and from there on RMSRE is
decreased with increasing tie points.

The difference in computational time is relatively small given the processing time of
the entire workflow. It was therefore suggested to consider all tie points by using 0 as
the input value. A more detailed table of results is presented in Appendix H.
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Figure 23 - Effect of varying tie point limit on reprojection error and computational time. Table containing the
exact values can be found in Appendix H.

4.3.2. Optimizing alignment

Moving forward, a copy of the aligned images (highest quality, generic and reference
(source) preselection, a key point limit of 140,000 and tie point limit of 0) was used to
test the different alignment optimization methods available in Metashape. Methods
included reconstruction uncertainty (RU), projection accuracy (PA), reprojection error
(RE), and image count (IC).

Reconstruction uncertainty (RU)

Deleting points with high reconstruction uncertainty increased RMSRE but decreased
the horizontal GCP and CP error (Table 8). A large #TP was deleted to achieve a slight
decrease in horizontal GCP and CP error.

Table 8 - Effect of changing the reconstruction uncertainty (RU) level on number of tie points (#TP), rms
reprojection error (RMSRE), ground control point horizontal error (GCP_XYerr) and check point horizontal error
(CP_XYerr).

RU level #TP RMSRE GCP_XYerr (cm) CP_XYerr (cm)
- 4,027,126  0.736 2.89 5.34
30 3,987,034 0.737 2.89 5.34
20 3,697,555  0.745 2.84 5.28
15 3,353,397  0.753 2.80 5.19
10 2,267,881  0.789 2.69 4.96
7 1,472,368 0.815 2.56 4.75

Projection accuracy (PA)

By setting a lower threshold of the maximum projection accuracy level, both the
reprojection error and the horizontal GCP and CP errors were decreased greatly (Table
9). PA levels between 2 and 3 seemed to achieve the best results, combining low
RMSRE and lower horizontal GCP and CP errors. For a PA level of 1.5, horizontal CP
error increased compared to a PA level of 2 while GCP error continued to decrease,
hence hinting at the presence of overfitting.
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Table 9 - Effect of changing the projection accuracy (PA) level on number of tie points (#TP), rms reprojection error
(RMSRE), ground control point horizontal error (GCP_XYerr) and check point horizontal error (CP_XYerr).

PA level #TP RMSRE GCP_XYerr (cm)  CP_XYerr (cm)
- 4,027,126  0.736 2.89 5.34
10 3,895,655  0.578 2.88 5.33
8 3,815,037  0.549 2.88 5.32
5 3,451,078  0.485 2.81 5.18
4 3.085,382  0.446 2.71 4.95
3.5 2,804,631  0.426 2.64 4.75
3 2,329,494  0.397 2.48 4.33
2.5 1,726,757  0.353 2.24 3.73
2 1,048,311  0.294 1.96 3.26
1.5 502,353 0.249 1.65 3.46

Image count (IC)

Similar to PA, an increase in IC level greatly decreased the number of remaining tie
points (Table 10). Further, the reprojection error increased while the GCP error only
decreased slightly. Image count was therefore not further considered.

Table 10 - Effect of changing the image count (IC) on number of tie points (#TP), rms reprojection error (RMSRE),
ground control point horizontal error (GCP_XYerr) and check point horizontal error (CP_XYerr).

IC level #TP RMSRE GCP_XYerr (cm) CP_XYerr (cm)
- 4,027,126  0.726 2.89 5.34
2 1,783,430 0.811 2.65 4.92
3 1,114,038  0.841 2.50 4.74
4 797,210 0.855 2.39 4.57

Reprojection error (RE)

The RE showed one of the most notable effects on RMSRE, GCP, and CP errors (Table
11). Overall, RMSRE and horizontal GCP and CP errors decreased as RE levels were
lowered. Improvements were identified without #TP dropping too drastically. The RE
level of 0.1 showed overfitting as horizontal GCP error continued to decrease while
horizontal CP error increased.

Table 11 - Effect of changing the reprojection error (RE) level on number of tie points (#TP), rms reprojection error
(RMSRE), ground control point horizontal error (GCP_XYerr) and check point horizontal error (CP_XYerr).

RE level #TP RMSRE GCP_XYerr (cm) CP_XYerr (cm)
- 4,027,126 0.726 2.89 5.34
0.4 3,763,092 0.670 2.56 4.78
0.35 3,578,662 0.632 2.37 4.46
0.3 3,338,158 0.589 2.18 4.14
0.25 3.029,131 0.538 2.00 3.87
0.2 2,638,441 0.473 1.84 3.73
0.15 2,153,309 0.394 1.72 3.73
0.1 1,558,349 0.288 1.59 3.90
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Further testing was conducted using PA, RE, and RU values that seemed reasonable
from the individual tests and combining those, observing the same metrics as before
(Appendix I). The addition of RU into the optimization process did not improve the
result. Therefore, PA = 2.5 and RE = 0.25 was the preferred combination to optimize
the alignment (Table 12).

Table 12 - Final, suggested method for optimizing alignment, using projection accuracy (PA) and reprojection
error (RE) thresholds. Further, the resulting number of tie points (#TP), rms reprojection error (RMSRE), ground
control point horizontal error (GCP_XYerr) and check point horizontal error (CP_XYerr) are given.

Method #TP RMSRE GCP_XYerr  CP_XYerr
(cm) (cm)

PA=25 1,262,672 0.223 1.76 3.61

RE =0.25

Marker accuracy (m)

The measurement uncertainty of the markers was identified as ~ 0.03 m. Therefore 0.03
m seemed to be a reasonable value for MA (m). However, the best results were achieved
using a value of 0.01, hence increasing the weighting for using markers slightly (Table
13). Overfitting occurred at smaller MA (m) values as horizontal CP errors increase
while horizontal GCP errors continued to decrease. Therefore, a MA (m) of 0.01 was
used.

Table 13 - Effect of varying marker accuracy in meters (MA) on horizontal ground control point error (GCP_XYerr)
and horizontal control point error (CP_XYerr).

MA (m) GCP_XYerr (cm) CP_XYerr (cm)
0.001 0.14 3.80

0.005 (default) 1.76 3.61

0.01 3.27 3.43

0.03 8.44 7.89

0.05 14.19 14.30

Marker accuracy (pixel)

Test results for varied marker accuracy (pixel) regarding horizontal GCP and CP error
are shown in Table 14. While the default value (0.5) seemed reasonable, a marker
accuracy (pixel) value of 0.3 proved to be more optimal and was used in further steps.

Table 14 - Effect of varying marker accuracy in pixels (MA) on horizontal ground control point error (GCP_XYerr)
and horizontal control point error (CP_XYerr).

MA (pixel) GCP_XYerr (cm) CP_XYerr (cm)
0.05 3.90 3.45
0.1 3.81 3.32
0.3 3.56 3.30
0.5 (default) 3.27 3.43
1 2.42 4.04
2 1.47 5.86
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Tie point accuracy (pixel)

Table 15 shows that the best setting considering GCP and CP errors was the default
TPA (1 pixel). Higher TPA values showed signs of overfitting, while lower TPA values
proved to be less accurate.

Table 15 — Effect of varying tie point accuracy in pixels (TPA) on horizontal ground control point error (GCP_XYerr)
and horizontal check point error (CP_XYerr).

TPA (pixel) GCP_XYerr (cm) CP_XYerr (cm)
0.5 571 5.09
1 (default) 3.56 3.30
1.5 3.04 3.59
2 2.83 3.96

The optimal settings found for the reference accuracy settings of MA (m), MA (pixel),
and TPA (pixel) with the respective errors were summarized in Table 16.

Table 16 - Optimal settings found for marker accuracy (MA) in meter, marker accuracy (MA) in pixels and tie point
accuracy (TPA) and the corresponding horizontal ground control point error (GCP_XYerr) and horizontal check
point error (CP_XYerr).

Method GCP_XYerr (cm) CP_XYerr (cm)
MA (m) =0.01, MA (pixel) 3.56 3.30
=0.3, TPA=1

Image residual plots

Lastly, image residuals were plotted to identify residual distribution. Figure 24a shows
the residual plot before the optimization, Figure 24b after the optimization. An overall
decrease in residual magnitude due to the optimization was seen. Nevertheless, a
random distribution was not found.

O

1 pix 1 pix

Figure 24 — Image residual plot outputs from Metashape. 25a) residual plot before optimization, 25b) residual
plot after optimization

It was found that one extra camera optimization was necessary, in which adaptive
camera fitting was deactivated and fit additional corrections toggled. Figure 25
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compares the residual plot before (Figure 25a) and after (Figure 25b) the final camera
optimization process. While the distribution could not be considered absolutely
random, the circular pattern was removed. This final alignment was used as the basis
for further steps in this thesis.

e——
1 pix 1pix

Figure 25 - Image residual plot outputs from Metashape. a) residual plot after optimization, b) residual plot after
one additional camera optimization and using the setting fitting additional corrections

Optimized parameter settings

Table 17 shows a summary of the optimized parameter settings used for creating the
dense point cloud. Improvements were especially seen by changing the key point limit
and the tie point limit as well as using the Highest accuracy during image alignment.

Table 17 - Summary of the optimal configuration of parameters in Metashape derived from the previous results
(Section 4.3.2). These settings were used as default in the python script and for generating the final digital surface
models.

Workflow step Parameter Proposed Setting
Image Alignment Accuracy Highest
Generic preselection ON
Reference (source) preselection  ON
Key point limit 140,000
Tie point limit 0
Adaptive camera fitting OFF
Guided image matching OFF
Optimizing camera Reconstruction uncertainty -
parameters Projection accuracy 2.5
Image count -
Reprojection error 0.25
Marker accuracy (m) 0.01
Marker accuracy (pixel) 0.3
Tie point accuracy (pixel) 1
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4.4. Evaluation of the DSM

4.4.1. Accuracy assessment

The RMSE of the two masked and unmasked DSM were calculated using both the
GCPs and the CPs, proving errors of less than 0.04 m (Table 18). Using the water mask
improved the quality of the DSM, reducing error by 1 cm.

Table 18 — Root mean square error (RMSE) of unmanned aerial vehicle (UAV) derived digital surface models, with
and without using the water mask considering both ground control points (GCPs) and check points CPs.

Markers UAV RMSE (cm) UAV + mask RMSE (cm)
GCPs 3.86 2.80
CPs 3.92 2.73

The Survey Statistics tool in Metashape allowed plotting the individual GCP and CP
errors for both the version without (Figure 26a) and with the mask (Figure 26b). In both
cases, the individual vertical error did not exceed 0.07 m, and horizontal error was
around 0.03 m throughout the study area. When the mask was used, the maximum
vertical error was 0.05 m. In terms of the spatial distribution of the vertical error, no
clear trend could be observed (Figure 26).
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Figure 26 — a) Ground control point (GCP) locations and error estimates for the digital surface model (DSM) without
mask. b) GCP locations and error estimates for DSM with mask. Vertical error is represented by ellipse color. X, Y
errors are represented by ellipse shape. Estimated Control points are marked with a dot and estimated check points
with a cross. Coordinate reference system: EPSG 3008
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4.4.2. Comparison to total station profiles

The DSM was further compared to the TS elevation measurements from 08/2020.
RMSD was calculated for each individual profile and in total for both the masked and
unmasked version of the DSM (Table 19). The results were then plotted to investigate
possible outliers or inaccuracies in the DSM (Appendix J & K). RMSD values were
very similar between masked and unmasked DSMs, with the total RMSD within 1 cm
of each other. While most individual profiles showed an RMSD between 5 and 15 cm,
Profile 6 stood out with an RMSD of ~ 600 cm. This profile also greatly affected the
total RMSD, causing a total RMSD for both DSMs of over 160 cm.

Table 19 — Root mean square difference (RMSD) for each individual profile and total considering both the
unmasked and masked unmanned aerial vehicle (UAV) digital surface model.

UAV RMSD (cm) UAV + mask RMSD (cm)

Profile 1 10.76 10.56
Profile 2 5.09 5.98
Profile 3 9.08 8.88
Profile 4 6.58 6.27
Profile 5 11.09 11.35
Profile 6 587.98 590.82
Profile 7 12.57 12.93
Profile 8 10.25 10.37
Profile 9 13.64 13.00
Total 161.81 162.59

Profile 6 was therefore looked at closer, and the first three points varied greatly from
the TS measurements (Appendix K). Likely being an outlier, the unmasked orthomosaic
was overlapped with the TS measurements (Figure 27). When zoomed in on the first 6
points of Profile 6, it was seen that the first three points were overlapped by trees
(Figure 27, red circle).

A

@ TS measurements
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Figure 27 — Orthomosaic overlapped with the total station measurement profile locations giving emphasis on the
first three points of profile 6 (red circle). Coordinate reference system: EPSG 3008

38



It was therefore assumed that the UAV-SfM approach measured the elevation of a tree
at these points. The TS measurements were not affected by this, causing a large
elevation discrepancy occurred. The total RMSD and the RMSD for Profile 6 were
therefore recalculated after disregarding these three points (Table 20).

Table 20 - Root mean square difference (RMSD) for Profile 6 and total after disregarding outliers, considering both
the unmasked and masked unmanned aerial vehicle (UAV) digital surface model.

UAV RMSD (cm) UAV + mask RMSD (cm)
Profile 6 22.31 22.06
Total (without outliers)  11.01 10.95

The TS measurements were further used to identify underlying trends, considering
elevation and distance from the nearest GCP. It was assumed that the elevation error
increased with distance to the closest GCPs. In the absence of well-distributed CPs, the
TS measurements were used to estimate a more independent vertical error of the DSM.
While other factors such as erosion may have influenced elevation measurements
between the datasets, an underlying trend of an increased elevation difference should
be noticeable. When observing Figure 28, it was seen that this was not the case. R? =
0.07 confirms that there was no correlation between the distance between GCPs and the
elevation difference. Hence, no great increase in error was to be expected for areas
further from GCPs in the DSM.
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Figure 28 - Linear regression between the distance between the total station (TS) measurement and the closest
ground control point and the elevation difference between TS measurements and the predicted elevation using
the unmasked unmanned aerial vehicle digital surface model. R? = 0.03 showing no correlation, n = 156.

5. Discussion

To automatically generate highly accurate DSMs from off-the-shelf UAVs allows for
the cost-efficient implementation of coastal monitoring schemes. To create a robust
time series, DSMs should be derived the same way, minimizing uncertainty. An
accuracy assessment of this methodology is necessary to identify for what application
these DSMs can be used.
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This thesis shows that it is possible to fully automate the pipeline from UAV images to
high accuracy DSMs. This was successfully achieved by automating the generation of
water masks, automatically identifying and placing GCPs, and finally writing all steps
in the form of a python script to automate processing. Achieving a horizontal and
vertical error of 3-4 cm shows that this pipeline can produce the accuracy required to
monitor coastal environments successfully, especially when observing seasonal
changes. More evaluations are required to prove further the robustness and quality of
this pipeline using different datasets and more independent CPs. It is suggested to
specifically conduct a flight meeting the GCP distribution requirements and including
well-distributed, independent markers that can be used as check points. The choice of
check points certainly affected the results, and therefore the check point error can not
be trusted blindly. The study has tried to account for the poor distribution of check
points by using the TS measurements. Compared to the TS measurements, the RMSD
achieved was 10-11 cm, thus suggesting that GCP and CP errors are underestimating
the real error of the DSM. Since the measurements were taken two months after the
UAV flight, the results are difficult to use as ground truth data. It is impossible to know
if the difference in elevation represents error or if other factors influenced it. Ideally,
this dataset would have been measured within a week of the UAV flight.

RMSE values in the vicinity of 5-10 cm have been achieved using similar UAV datasets
in literature (Papakonstantinou et al. 2016; Chen et al. 2018). Even though the UAV
was not fitted with RTK or PPK systems, high accuracies were achievable in this thesis
as many GCPs were available. When using all 33 GCPs as control points, results are
expected to improve further.

5.1. Water mask

The automation of the water mask using image segmentation shows much promise and
implementing a water mask can be concluded as desirable. As suggested by Gongalves
and Henriques (2015), alignment is improved, and noise reduced when using water
masks. However, it has been shown that thorough optimization of the alignment can
result in a highly accurate DSM without using water masks.

However, the number of images in training and validation datasets should be increased
to increase performance and robustness. Especially the validation dataset needs to be
extended as it resulted in higher accuracy and lower loss values than the dataset used
for training. Ideally, all the currently available images of the flights would be included
either as training, validation, or test data. This could not be done within this thesis due
to the time constraints.

Especially for long-term coastal monitoring schemes, training an image segmentation
model can prove valuable in the long run and is therefore suggested.
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5.2. GCP identification

To the author’s knowledge, the method to identify GCPs within the proposed pipeline
presents a novel approach to automating the entire SfM pipeline using Metashape.
Compared to semi-automated approaches widely used in literature, the need for manual
inputs is eliminated (Gongalves and Henriques 2015; James et al. 2017). While not
optimized, the method shows promise by identifying GCPs correctly if these were
placed following the requirements outlined in Section 3.2.3. Improving the algorithm
can make the method more robust, decrease computational time and relax some of the
outlined requirements in the future. In general, the yellow GCPs could be identified
easier than their white counterparts as there were less similar looking objects. However,
it was easier to find the center point of the white GCPs as the center point of a square
was easier to identify. Depending on the DSMs’ application, improvements are required
to ensure that the center point of a GCP is identified. A highly accurate sparse point
cloud can, however, still be achieved using the proposed automated method.

5.3. Metashape settings

Optimal parameter settings throughout the Metashape workflow have been heavily
discussed in the Agisoft forum and elsewhere on the internet. The software manual does
not allow for complete insight into the algorithms behind the processing steps. Further,
individual parameter explanations are difficult to come by and often explained
insufficiently. Studies like Tinkham and Swayze (2021) and Moreira et al. (2021) were
published while this thesis was written and therefore show the relevance of identifying
optimized settings in Agisoft.

Mayer et al. (2018) pointed out the necessity of outlining the detailed workflow in
Metashape and conducting thorough accuracy assessments of the DSMs. The varying
quality of alignment results in this thesis emphasizes this point. Caution is advised when
using settings derived from studies dealing with other use-cases. Rdder et al. (2017)
referenced a workflow derived by paleontologists to reconstruct dinosaur bones. The
proposed settings did not prove to be transferable to the use case of this thesis. Most of
the default Agisoft settings are shown to be well picked but not necessarily optimal. A
more comprehensive study would be necessary to suggest good parameter settings for
any UAV-SfM studies in coastal areas.

It was surprising to see that varying RU levels did not improve the sparse point cloud.
This setting is used throughout the optimization process widely in literature (Roder et
al. 2017; USGS 2017). Lastly, setting the MA (m) to 0.01 instead of the measurement
uncertainty of the markers (0.03 in this case) was an interesting observation. While
theoretically, it makes sense to set the MA to the measurement accuracy of the markers,
the results back the argument that this setting is used as a weighting in bundle
adjustment (Mayer et al. 2018). Therefore, lowering this value gives more confidence
in the measurements of the markers.
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Limitations of this method were that the split between GCPs and CPs was not changed,
and CPs could not be guaranteed to be independent of GCPs. As used by James et al.
(2017), a Monte-Carlo approach could therefore be used to strengthen results. Further,
only one study area and flight were used for testing. Including more flights or different
study areas would increase the robustness of the results found. With more time, the
study could be extended to include all UAV flights in the evaluation process.

5.4. General limitations

The datasets available for this project were not specifically created with an accuracy
assessment in mind. It was required to work with the data available as additional flights
could not be conducted. Therefore, no adjustments were possible if any problem with
the data was identified, such as mixing GCPs or the distribution of GCPs and CPs. TS
measurements of GCPs and a UAV paired with GNSS RTK-PPK would most definitely
help reduce error within this proposed workflow.

Further, Metashape supports GPU processing, which can greatly decrease
computational time during processing. In this study, CPU processing was used entirely,
making certain parameter settings uneconomically. Changing to GPU may make certain
parameter decisions focused on accuracy over computational time more feasible.

Creating DSMs may cause problems throughout seasons when dealing with a beach.
People are usually excluded from the processing as they are moving objects. However,
people that are sunbathing do not move and can therefore cause issues. It can be difficult
to reliably compare seasonal changes without increasing the uncertainty of the DSM.

6. Conclusion

This study confirms the possibility of creating fully automated, analysis-ready DSMs
for coastal monitoring using a UAV-SfM approach. Monitoring requirements such as
repeatability and accuracy are both fulfilled using the proposed method. Further, the
need for manual processing the amount of expertise required is greatly decreased.
However, as it stands, the time necessary for processing is increased compared to
conventional workflows.

Decisions made on selecting Metashape parameters within this thesis are motivated,
but uncertainty regarding the optimized setup remains. It stays unclear if and to what
extent the study area and equipment influence the selected settings. The study does,
however, conclude that alignment optimization is a crucial step within the workflow.

The third research question could not be answered sufficiently due to the temporal
differences in TS measurements and UAV flights. The two datasets were compared,
but the TS measurements could not be used as ground truth data. When comparing the
two datasets, the difference in elevation is minimal, containing only a few outliers. This
suggests that highly accurate DSMs have been created using the outlined methods.
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Appendix A

Appendix A — Hardware specification of the Sony a6000 camera used to capture the UAV images used in this

thesis, adapted from (Trimble 2016).

Feature

Specification (Sony a6000)

Effective pixels
Image sensor

24.3 megapixels
APS-C 23 x 15.6 mm CMOS

Shutter speed 1/4000-30 sec
ISO sensitivity AUTO, ISO 100-25600
Display 7.5 cm tilting LCD monitor
Dimensions (width x height x depth) 120 x 67 x 45 mm
Weight 344 g
Battery charging time Approx. 310 min
Lens Sony 16mm F/2.8 E-mount camera lens
Focal length 16 mm
F-aperture 2.8-22
Angle of view 83°
Max. diameter 62 mm
Filter size (diameter) 49 mm
Length 22.5 mm
Appendix B

Appendix B — Specifications of the Trimble ZX5 Multirotor used to conduct the UAV flights providing the UAV

datasets used in this thesis adapted from (Trimble 2015).

Operation Trimble ZX5 Multirotor
Endurance 20 min

Max. ceiling 3,000 m

Launch and recovery Vertical

Weather limit Stable in winds up to 36 km/h
Communication and control range Up to 2 km
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Appendix C

Appendix C — Orthomosaic of the DSM without using the water mask. Emphasis given on two areas to allow

comparisons between Appendices C-F. Top left showing a zoom of an area where the alignment is not ideal. CRS:
EPSG 3008
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Appendix D

Appendix D - Orthomosaic of the DSM when using the water mask. Emphasis given on two areas to allow

comparisons between Appendices C-F. Top left showing a zoom of an area where the alignment is not ideal. CRS:
EPSG 3008
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Appendix E

Appendix E - Hillshade of the DSM without using the water mask. Emphasis given on two areas to allow comparisons
between Appendices C-F. Top left showing a zoom of an area where the alignment is not ideal. CRS: EPSG 3008
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Appendix F

Appendix F - Hillshade of the DSM without using the water mask. Emphasis given on two areas to allow comparisons
between Appendices C-F. Top left showing a zoom of an area where the alignment is not ideal. CRS: EPSG 3008
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Appendix G

Appendix G - Effect of varying key point limit on number of tie points (#TP), rms reprojection error (RMSRE) and
computational time (CT) during image alignment in Agsioft Metashape, using default settings and a tie point limit
of 0.

Key Point Limit #TP RMSRE (pixel) CT (min)
5,000 157,435 0.958 51
10,000 317,633 0.933 56
20,000 637,924 0.903 66
40,000 1,256,587 0.847 83
60,000 1,857,751 0.811 102
80,000 2,439,802 0.781 119
100,000 2,985,495 0.759 135
120,000 3,156,009 0.741 156
140,000 4,027,126 0.726 176
200,000 5,440,283 0.692 251
300,000 7,941,555 0.659 437
400,000 9,393,481 0.637 613
500,000 11,125,762 0.622 788
0 (550000-800000) 13,244,525 0.609 1055
Appendix H

Appendix H - Output of a sensitivity analysis observing the effect of varying tie point limit on number of tie points
(#TP), rms reprojection error (RMSRE) and computational time (CT) during image alignment in Agsioft Metashape,
using default settings and a key point limit of 140000.

Tie Point Limit #TP RMSRE (pixel) CT (min)
1,000 105,780 0.807 112
2,000 215,452 0.798 116
4,000 426,748 0.792 126
5,000 531,657 0.795 127
10,000 1,014,487 0.803 138
15,000 1,552,259 0.801 148
20,000 2,128,576 0.791 154
30,000 3,049,421 0.766 167
40,000 3,667,412 0.742 173
60,000 4,026,093 0.726 177
0 4,027,126 0.726 176
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Appendix |

Appendix | — Results of testing various combinations of projection accuracy (PA), reprojection error (RE) and
reconstruction uncertainty (RU) on the number of tie points (#TP), rms reprojection error (RMSRE) and
computational time (CT) during image alignment in Agsioft Metashape, using default settings and a key p

Method #TP RMSRE GCP_XYerr CP_XYerr
(cm) (cm)

PA=3 1,894,542 0.291 1.97 3.75

RE=0.3

PA=25 1,262,672 0.223 1.76 3.61

RE =0.25

PA=2 664,087 0.156 1.58 3.83

RE=0.2

PA=2 766,059 0.186 1.64 3.66

RE =0.25

PA=25 1,092,218 0.181 1.60 3.91

RE=0.2

PA=3 1,697,873 0.247 1.73 3.74

RE =0.25

PA=25 1,146,888 0.225 1.76 3.65

RE =0.25

RU =20

PA=25 1,036,952 0.218 1.64 3.75

RE =0.25

RU =15

PA=25 937,138 0.237 1.64 3.81

RE =0.25

RU =10
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Appendix J

Appendix J — First 5 Total station profile measurements plotted against the corresponding elevation derived from
the UAV approach. Higher measurement ID indicates a closer proximity to the coastline.
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Appendix K

Appendix K — 5t to 9t total station profile measurements plotted against the corresponding elevation derived from
the UAV approach. Higher measurement ID indicates a closer proximity to the coastline.
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