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ABSTRACT

CHANNEL DETECTION AND TRACKING FROM LIDAR DATA IN
COMPLICATED TERRAIN
ARGHAVANIAN, AZAR
Doctor of Philosophy, Geodetic and Geographic Information Technologies
Supervisor: Assoc. Prof. Dr. Uğur Murat Leloğlu
Co-Supervisor: Prof. Dr. Sevda Zuhal Akyürek

February 2022, 130pages

Efficient management of water resources is of great importance regarding ever
increasing population and water droughts related to climate change. Drainage
networks are important geomorphologic and hydrologic features which significantly
control runoff generation. Recently, it has been feasible to monitor the earth’s surface
and natural phenomena with the aid of remote sensing techniques. However, very
high spatial resolution is needed for monitoring small waterways and knowledge of
accurate drainage patterns is very important for correct modelling of hydrology.
LiDAR (Light Detection and Ranging), which is an active remote sensing technique,
uses near-infrared laser light to measure the distance from the sensor to a target on
the earth’s surface. LiDAR data can be used in many scientific fields including
topographic mapping, hydrology and land cover classification. This thesis explores
the applicability of high-posting-density LiDAR data for terrain mapping with a
focus on automated detection of natural and manmade water channels, especially
those on plains and partially covered with trees and bushes.
In this thesis, LiDAR data obtained around Bergama, Turkey, with the flying height
of 1200 m, is used. LiDAR point measurements are influenced by three components:
bare ground, above-ground objects, and noise. Our first purpose is to extract the
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ground surface from the above ground objects. A variety of methods are used for
ground filtering of the LiDAR point cloud data, depending on the local
environmental conditions. For the first aim of this study, a robust RANSAC based
iterative strategy is proposed. The algorithm uses quadratic polynomial function in
RANSAC mathematical model for local fitting to the LiDAR points as models of the
ground surface. Generated surface patches are accepted based on the slope, residual
distance from the inliers and percentage of inliers. Continuity of the surfaces from
accepted neighboring patches are also used as a constraint. This way, regions grow
from easy locations to complicated ones. Furthermore, for filling the gaps in the
cleaned data where no fit could be reconstructed, Bézier surface fitting, which is a
spline interpolation method, is iteratively applied to the points resulted from first
stage.
The second purpose of this study is to identify channel networks in complicated
regions. Hence, curvature analysis is implemented using the Digital Terrain Model
(DTM) product of first stage and quadratic fit coefficients in each neighborhood.
Surface types are extracted from the estimated first and second fundamental forms
and principal curvatures. Afterwards, channel hypotheses are formed based on valley
surface type and geometric properties of the channel cross sections. When a cross
section is accepted as a channel, the waterway is tracked on two perpendicular
directions to extract the whole channel. The overall algorithm is tested on difficult
areas and the success levels of DTM extraction and channel detection are shown
quantitatively.
Keywords: LiDAR, Digital terrain model, Surface fitting, RANSAC, Drainage
network, Curvature, Channel detection, Channel tracking
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ÖZ

KARMAŞIK ARAZİLERDE LİDAR VERİLERİNİ KULLANARAK
KANAL İZLEMESİ VE TESPİTİ
ARGHAVANİAN, AZAR
Doktora, Jeodezi ve Coğrafi Bilgi Teknolojileri
Tez Yöneticisi: Doç. Dr. Uğur Murat Leloğlu
Ortak Tez Yöneticisi: Prof. Dr. Sevda Zuhal Akyürek
Şubat 2022, 130 sayfa

Sürekli artan nüfus ve iklim değişikliği ile ilgili kuraklıklar dikkate alındığında su
kaynaklarının etkin yönetimi büyük önem taşımaktadır. Drenaj ağları, akış
oluşumunu anlamlı derecede kontrol eden önemli jeomorfolojik ve hidrolojik yer
şekilleridir. Son zamanlarda, dünyanın yüzeyini ve doğal olayları uzaktan algılama
teknikleri yardımıyla izlemek mümkün hale gelmiştir. Bununla birlikte, küçük su
yollarının izlenmesi için çok yüksek mekansal çözünürlük gereklidir ve hassas
drenaj ağları bilgisi hidrolojinin doğru modellemesi için çok önemlidir.
Aktif bir uzaktan algılama tekniği olan LiDAR, algılayıcıdan dünya yüzeyindeki bir
hedefe olan mesafeleri ölçmek için yakın kızılötesi lazer ışığı kullanır. LiDAR
verileri, topoğrafik haritalama, hidroloji, arazi örtüsü sınıflandırması dahil olmak
üzere birçok bilimsel alanda kullanılabilir. Bu tez, özellikle ovalarda bulunan ve ağaç
ve çalılarla kısmi olarak kaplanmış olan doğal ve insan yapımı su kanallarının
otomatik tespitine yoğunlaşarak, yer şekli haritalaması için yüksek yoğunluklu
LiDAR verilerinin uygulanabilirliğini araştırmaktadır.
Bu tezde, 1200 m uçuş yüksekliğinde Bergama civarında elde edilen LiDAR verileri
kullanılmıştır. LiDAR noktası ölçümleri üç elementten etkilenirler: zemin, yer üstü
nesneler ve gürültü. İlk amacımız, zemin yüzeyini zemin üstü nesnelerden
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ayıklamaktır. Yerel çevresel koşullara bağlı olarak, LiDAR nokta verilerinden zemin
filtrelemesi için çeşitli yöntemler kullanılır. Bu çalışmanın ilk amacı için, RANSAC
tabanlı gürbüz bir strateji önerilmiştir. Algoritma, LiDAR noktalarına zemin yüzeyi
modellemesi için RANSAC matematiksel modeli ile yerel uydurmada ikinci
dereceden polinom fonksiyonunu kullanmaktadır. Oluşturulan yüzey yamaları,
eğime, yakın noktalara olan mesafeye ve yakın noktaların oranına göre kabul edilir.
Kabul edilen komşu parçalardan yüzeylerin sürekliliği de bir kısıt olarak kullanılır.
Bu şekilde, bölgeler kolay konumlardan karmaşık olanlara doğru büyür. Ayrıca,
temizlenmiş veriler içindeki yüzey oturtulamayan boşlukların doldurulması için, ilk
aşamadan çıkan noktalara bir eğri ile aradeğerleme yöntemi olan Bézier yüzey
uydurma tekrarlanarak uygulanmıştır.
Bu çalışmanın ikinci amacı, karmaşık bölgelerdeki kanal ağlarını belirlemektir. Bu
nedenle, birinci aşamanın Sayısal Arazi Modeli (SAM) ürününü ve her komşuluktaki
ikinci dereceden uyum katsayılarını kullanarak eğrilik analizi uygulanmıştır. Yüzey
tipleri, kestirilen birinci ve ikinci temel formlardan ve ana eğriliklerden çıkarılır.
Daha sonra, vadi yüzey tipi ve kanal kesitlerinin geometrik özelliklerine dayalı
olarak kanal hipotezleri oluşturulur. Bir kesit kanal olarak kabul edildiğinde, suyolu
kesite dik olarak her iki yönde izlenerek tüm kanal çıkarılır. Tüm algoritma zor
alanlarda denenmiştir ve SAM çıkarma ile kanal bulma başarı seviyeleri nicel olarak
gösterilmiştir.

Anahtar Kelimeler: LiDAR, Sayısal arazi modeli, Yüzey uydurma, RANSAC,
Drenaj ağı, Eğrilik, Kanal bulma, Kanal izleme
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CHAPTER 1

1

1.1

INTRODUCTION

Description of the Problem

Efficient management of water resources is of great importance regarding everincreasing population and water droughts related to climate change. One of the main
requirements to control surface and subsurface water is to manage drainage networks
efficiently. In the past, especially in agricultural landscapes, drainage networks were
developed for irrigation, underground water level management, and to protect the
lands from floods during long-term heavy rains. The extent of rural drainage network
areas rises rapidly, which requires wise management. The network's storage capacity
and the amount of retained water are affected by the geometric characterization of
the network, such as channel length, density, depth, upslope area, etc.
The detailed shape of the terrain or bare earth is necessary for various applications
in hydrology, geomorphology, environmental modeling, contour map production,
terrain analysis, geology, surveying, land use marine and forest observations, etc.
(Thurston & Ball, 2007) (Gong & Xie, 2009). Especially in some fields that deal
with physical processes of the earth, such as water infiltration and flow, the
knowledge of the natural and continuous shape of the earth topography is essential
(Yan, et al., 2018). Because water follows the earth's gravitational force and gathers
in lower elevations, it is crucial to have detailed information about the earth's valley
or drainage systems and ridges to manage water flows and storages or other waterrelated issues correctly. To improve hydrological analysis, especially in drainage
basin areas without any hydrologic gauge, high resolution and precise terrain data is
of great importance (Bajracharya & Jain, 2020).

1

Photogrammetric point clouds and LiDAR or other three dimensional data initially
contains a contribution from man-made and natural objects over the ground. These
non-ground objects include trees, vegetation, buildings, vehicles, power lines, etc.,
Hence, to extract accurate bare earth or ground points which are necessary for
hydrologic studies and drainage extraction, extra effort is needed. Even though an
accurate high-resolution ground layer is essential for many applications, there is no
robust and straightforward procedure for filtering outliers from the ground. Because
the variety of landscapes and object types, slopes, user requirements, or technical
malfunctions that makes the task highly tedious.
Hydrological studies mostly deal with Digital Elevation Model (DEM) / Digital
Terrain Model (DTM)-based algorithms or methods for drainage network extraction.
Nowadays, automatic or semi-automatic detection of the narrow channel and ditch
networks or, more importantly, roadside drainage systems and channel heads is
becoming feasible with LiDAR-derived high-resolution DTMs. However, these
LiDAR-based methods need complicated algorithms and enhanced computational
devices with large storage capacity. As a result, there is no high-performance routine
tool or method that could offer detailed information about geometry or dimensions
of water resources, including drainage network, channel width, length tributaries,
orders, etc., more importantly, precise storage capacity.
The widely used flow-based drainage extraction methods work efficiently in
mountainous high slope regions, as they are based on slope differences. However, in
low relief plain areas, detecting channels with respect to the flow directions would
be challenging. Furthermore, the existence of sinks and local depressions and hedges
around channels, especially artificial channels, could dramatically increase
complicacy.
To sum up, hydrologic, environmental, and geomorphological analysis or water
resource management are based on drainage networks and their geometrical
parameters. As a result, the accuracy and reliability of those analyses are highly
dependent on the existence of true and precise drainage data (Li, et al., 2020) (Pijl,
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et al., 2019). In other words, tools by which a detailed and comprehensive mapping
of drainage networks with their most minor features could be captured as well as the
possibility of inspecting directional profiles or other geomorphological properties or
cross-sections is a necessity (Liu & Zhang, 2011).

1.2

The Aim of this Thesis

The aim of this thesis is to extract the drainage network, natural or man-made, from
LiDAR point clouds. Drainage network extraction is relatively easy in rough terrain.
But, it is tricky in low relief plain areas where there are complicated irrigation and
drainage networks mostly covered with trees and bushes. Hence, this thesis aims to
develop tools that will work with minimum operator involvement but will allow the
operator to choose the main parameters of the channels to be extracted.
As a necessary first step of channel extraction, this thesis also proposes a robust
stepwise method to separate the points belonging to the ground from noise and
objects.

1.3

The Approach of this Thesis

This thesis presents a robust algorithm based on Random Sample Consensus
(RANSAC) quadratic fitting and statistical properties of local distribution of points
clouds. It follows an iterative divide-and-conquer approach that starts to solve the
problem from the simplest areas and uses these solutions for constraining the rest of
the site as various thresholds are relaxed at every iteration. This approach
automatically turns into a region-growing process in appropriate parts of the area.
As a second step, an algorithm to extract channels from smooth surfaces is proposed.
In this method, the principal curvatures are used to classify the geometric shapes of
the surface first. Then channel hypotheses are generated in valley regions. If the
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hypothesis is verified by a channel cross-section test, the channel is tracked in both
directions perpendicular to the cross-section.

1.4

Contributions of this Thesis

The main contributions of this thesis to the state-of-the-art can be summarized as
follows:


Introducing a robust method for ground points extraction which works
effectively in partially vegetated regions.



Using a divide-and-conquer strategy to solve the problem in simpler steps.



Reviewing the methods of drainage network extraction to help researchers in
this area identify the future research directions.



Proposing a channel detection and tracking method based on the curvature of
the surface and cross-section analysis which also allows hydraulic analysis
of channels.

1.5

Organization of this Thesis

This thesis is organized as follows:
CHAPTER 1 introduces the significance and necessity of the drainage networks and
terrain models. The research problem, objectives, contribution, and importance of
the study are also described in this chapter.
CHAPTER 2 presents the background and literature review of the terrain extraction
methods from LiDAR data, description of LiDAR point clouds, its applications and
problems, methods for drainage extraction and their categories, common drainage
extraction programs, and the thesis overview flowchart.
CHAPTER 3 gives information about the data characteristics and methodology used
for terrain extraction. Also, the results of ground point extraction processes,
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RANSAC-based method, surface fitting, and performance evaluations are explained
in this chapter.
CHAPTER 4 presents the methodology and results of channel extraction methods
including curvature estimation, channel hypothesis, channel tracking procedures and
accuracy assessments.
CHAPTER 5 presents a summary, and the results of the thesis. Also, the possible
applications of this algorithm and proposals for the future studies are given.
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CHAPTER 2

2

2.1

BACKGROUND

Importance of Drainage Networks

Drainage networks consist of natural and artificial features, including stream
channels, culverts, ditches, gullies, channel heads, bridges, etc. Ditches control the
entry and exit of water. While large ditches transfer a higher amount of flow in
wetlands, which play a vital role in flood control and water capacity assessments,
small ditches impact biogeochemical dynamics as their origin arise primarily from
human activities such as agriculture, urbanization, and deforestation (Rapinel, et al.,
2015). On the other hand, stream channels and river networks are critical components
in hydrology, geomorphology, tectonics, geology, etc., affecting most of the earth’s
biological, ecological, and chemical processes such as nutrient cycling. The main
reason behind this comes from the fact that only river networks link the geosphere,
hydrosphere, and atmosphere altogether (Durighetto, et al., 2020).
Man-made drainage networks in agricultural areas, groundwater level, wetland
limitations, small streams and ditches are not comprehensively mapped in
conventional data.
Channel head positions, located in upstream opening of fluvial channels, could
influence lots of environmental and ecological functions. In more detail, channel
heads control a drainage network’s geometric and scaling characteristics, including
soil erosion drainage density, length of drainage channels, and Horton’s ratios.
Hence, the biogeochemical cycle, and flux of water or sediment might be affected as
well (Li, et al., 2020). In addition, in the industrial or anthropogenic areas, if there is
a risk of pollutant entrance, its velocity can be estimated in order to take the best
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measures (Clubb, et al., 2014) (Rapinel, et al., 2015). Moreover, Roadside channels
in urban drainage systems collect the extra storm runoff towards the rivers or
reservoirs without cutting down water quality (Lee & Gharaibeh, 2020).

2.2

Conventional Methods of Drainage Extraction

Drainage and hydrologic analysis have traditionally been performed by manual field
observations, which could be time-consuming and labor-intensive and contain errors.
In particular, quantitative measurements and calculations from those analyses are
difficult. As an example, roadside channels cannot be truly inspected using field
sampling because of their sparse distribution, and also channel head detection is so
difficult from those data (Lee & Gharaibeh, 2020) (Clubb, et al., 2014).
Topographic data and aerial photos were suggested later for calculation of
quantitative assessments (O'Callaghan, 1984). However, neither of these sources is
genuinely reliable as aerial photography is inefficient over vegetated areas and
regions under the shadow of elevated objects such as trees and cliffs. Also, it can be
noted that small scale drainage features could not be detected from earlier maps
(Dong, et al., 2020) (James, et al., 2007).
Moreover, most of the missions that took place for drainage analysis using these
sources remained immature because of prolonged processes, inaccessible regions,
and the small size of the entities to be distinguished (Rapinel, et al., 2015).
With the advent of remote sensing and computational sciences and diversity of
spatial data, hydrological models and drainage analysis have also improved. Aerial
photography and satellite imagery can be integrated with GIS systems and spatial
analyst tools, which enhance the operations (Veeck, et al., 2020). Nevertheless,
optical remote sensing has limitations for drainage and hydrological studies
(Rapinel, et al., 2015). For instance, the vertical or horizontal accuracies of digital
elevation models (DEM) that are extracted from those data are not sufficient for the
detection of smaller gullies or channels (Clubb, et al., 2014), especially in the
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forested or densely vegetated regions (James, et al., 2007) (Höfle, et al., 2013).
Moreover, in some GIS datasets such as sinkholes, the integrity of data could be
questioned because of local differences or self-interpretations (Doctor & Young,
2013).
As a consequence, for precise and accurate analysis of drainage network parameters,
an efficient and up-to-date method is highly required (Cazorzi, et al., 2013).

2.3

Digital Elevation Models

DEMs are elevation data in a matrix or raster format consisting of elevation values
in each cell. The detail that is distinguishable in a DEM is a function of its spatial
resolution. Although DEMs are sometimes called 3D products and can be visualized
in three dimensions using some software, they are not completely 3D (Longley, et
al., 2005) because they cannot represent sharp changes in height.
A DTM is elevation data considering the earth’s terrain as it is bare or object-free,
while Digital Surface Model (DSM ) refers to the ground plus its objects, and DEM
is generally used as an inclusive term for elevation data, including both DSM and
DTM.
Depending on the object of the study and the required surface details and resolution,
elevation data can be generated from different sources, some of which are:
1. Ground surveys,
2. Elevation contour maps,
3. Conventional aerial photogrammetry,
4. Digital aerial photogrammetry,
5. SAR and
6. LiDAR.
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However, the data generally contains above-ground objects like vegetation, vehicles,
power lines and buildings, erroneous points, and for the case of LiDAR, the data is
unstructured (i.e. in the format of point clouds). Also, the highest resolution of
generated DTMs are hardly less than a few meters for most parts of the world, which
is not sufficient for detailed mapping of the surface (Burrough & Frank, 1996)
(O'Callaghan, 1984). DEM production is a prime application of point clouds
(Sharma, et al., 2021). However, acquired raw points contain noise and all the nonground objects have to be treated to extract the ground points. The initial points could
be considered as DEMs or DSMs, and the separated ground points would be applied
for DTM generation (Wu, et al., 2019).

2.4

LiDAR point clouds

Recently, with the increasing use of computer vision, artificial intelligence,
photogrammetry, imaging, storage systems, and improvements in data collection like
increasing use of drones or UAVs, LiDAR point clouds are gaining popularity
(Sharma, et al., 2021). In other words, the use of point clouds is recently growing
and widely adopted in numerous remote sensing applications due to its falling
expenses and rising availability.
LiDAR imaging platforms, which can be Terrestrial Laser Scanning (TLS), Aerial
Laser Scanning (ALS), and Unmanned Aerial Vehicles (UAV) with different
resolutions and fields of view, all produce data in the form of 3D point clouds
corresponding to the features of the earth’s surface. In Figure 2.1, LiDAR imaging
geometries are illustrated for different imaging platforms, including UAV, and TLS.
In Figure 2.1 a, a TLS imaging system captures the side views of the area. Hence,
more detailed information about the ground objects can be detected using TLS as a
supplementary imaging device. In the middle of the figure, there is an aerial imaging
system with an altitude of around 1200 m from the ground (ALS) and a drone-based
LiDAR working in the elevation of 200m (UAV). Moreover, in Figure 2.1 b, two
ALS systems scan the ground from the same altitude with different scanning angles
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(α and β). The larger angle (β) in this situation would result in lower point density or
resolution assuming the same pulse repetition rate.

Figure 2.1 a) LiDAR platforms (Airborne, UAV,TLS). b) Two ALS systems with
different scanning angles (α and β).
Recent advancements in imaging systems and UAVs enable us to capture multiple
angle views from the same area, as explained in Figure 2.2. It can be mentioned that
using multiple angle views helps us better understand the area, especially where there
is a dense tree cover, and the earth’s topography is hidden when viewed from some
angles. It can be seen from Figure 2.2 that the channel profile cannot be viewed from
location b of the drone because of tree coverage, while it is captured from location
a.
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Figure 2.2 A channel cross section is viewed by a drone based LiDAR from two
viewing angles.
LiDAR points can have several important attributes such as reflectance, intensity and
return number in addition to the 3D coordinates. One of the main characteristics of
LiDAR points is their high 3D positional accuracy which makes them a very
effective tool in topographic inspections (Cazorzi, et al., 2013) (Sevgen & Karsli,
2020). With the aid of LiDAR-derived high resolution DTMs, automatic or semiautomatic detection of narrow channel and ditch networks or, more importantly,
roadside drainage systems and channel heads is becoming feasible (Lee &
Gharaibeh, 2020) (Lin, et al., 2021), which once were only possible through the
tremendous time and labor-consuming field photogrammetric procedures. (Clubb, et
al., 2014) (Doctor & Young, 2013) (Höfle, et al., 2013) (James, et al., 2007) (Rapinel,
et al., 2015).

2.4.1

LiDAR technology

2.4.1.1

Application areas

Nowadays, LiDAR can be used for versatile purposes from forestry to astronomy. In
astronomy and space sciences, LiDAR is used for distance estimations and
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observation of the atmosphere. LiDAR data is used in meteorology for cloud and
aerosol measurements. LiDAR has been progressively used in agriculture and
vegetation studies as a tool for topographic mapping of the crop fields or forest
heights (Dong & Chen, 2018). This could be beneficial for vegetation grow level
determination or crop type detection. Moreover, in civil engineering, LiDAR can
detect of urban areas including buildings and vehicles, etc. with its obstacle
exploration ability. Because of the elevation component of LiDAR and the DEM
product, this technique can be efficient in surveying the earth surface, ground height
determination, water level, bathymetry and hydrology. Airborne LiDAR is useful in
mapping wetland topography and its features in centimeter accuracy even the under
tree regions (Rapinel, et al., 2015). As a result, airborne LiDAR, which can penetrate
the water column for measuring the seafloor, is helpful in bathymetry, although
turbid and polluted conditions are exceptional. Terrestrial LiDAR with increased
density, validity, and movability can be used for monitoring specific non-vertical
landscapes with minor changes such as landslides, cross-sections, sea cliffs, etc.
(Young, et al., 2010). Lastly, it can be referred to the application of LiDAR in
geoscience and mining, which includes estimating soil or glacier movements,
contour lines, change detection studies, determination of the landform breaks or the
location of faults, calculation of the area of removal of ore minerals, etc. (Hans, et
al., 2003) (Dong & Chen, 2018).

2.4.1.2

LiDAR properties

Nowadays, lots of studies have benefited from practical attributes of LiDAR data in
drainage network delineation. This stems from the fact that water as a liquid follows
the earth’s gravitational force and is collected in depression areas. As a result, the
height component of LiDAR and its capability of 3D analysis can be of great
importance.
LiDAR data is mostly recorded as discrete returns of energy or points called LiDAR
point cloud, and standard las format, or text type are the most common types of
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LiDAR point storage. LiDAR points contain positional information X, Y, Z, which
are essential for surface or DEM construction, and optionally other important
characteristics such as intensity of the returns, the number of returns, return number,
time, color and classification code. The storage needed for recording a scene can be
substantial.
A critical parameter of a LiDAR survey for hydrology is the density of the points,
which can be measured in units of points per m2. If prominent features like rivers
and streams are to be detected, relatively lower densities can be adequate. However,
in the case of detection of small ditches or accurate detection of channel head
locations, higher densities are required. This is specifically important for mapping
drainage networks in agricultural landscapes (Cazorzi, et al., 2013). Additionally,
high densities are advantageous in densely vegetated areas, because the probability
of getting points at the ground level increases. In higher densities, the survey time
and hence cost per area gets more significant.
Other parameters which can be indicated are the intensity and wavelength. LiDAR
laser pulses are mostly in the VNIR wavelength region, absorbed mainly by water
bodies, especially in the near infrared range (Liu, et al., 2018). The reflectance above
these regions are much lower than other land covers. The strength of the reflected
return in an object determines the intensity of the points. Thus, researchers can
benefit from LiDAR intensity component for the detection of surface water bodies,
including rivers, channels, lakes, etc. (Wu & Lane, 2017) (Höfle, et al., 2009)
(Maurya & Kulkarni, 2018). However, it has to be mentioned that due to the energy
absorption in vegetated regions similar to water bodies, the reflectance in these areas
is also relatively low. Therefore, it is crucial to filter the dense vegetation cover from
the surface to avoid incorrectly labeling the ground under vegetation cover as a
wetland.
An emitted pulse from LiDAR can return from the surface to the instrument multiple
times. The number of returns is related to the objects’ height and reflection
properties. The first return can be primarily associated with the object’s highest part,
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e.g., the top of a building or a tree. Exactly one return or the last return from a surface
might have reflected from the ground. However, this is not always the case. The
recorded multiple return information could lead to a better interpretation of the
surface and its shape. Multiple returns of a laser pulse from a tree are illustrated in
Figure 2.3 (Dong & Chen, 2018).

Figure 2.3 A laser pulse with four returns.
Another feature for the distribution of the returned energy from the surface is the
waveform. If a LiDAR pulse returns from several objects from top to ground, and
these returns are recorded as a continuous curve with peaks of energy where the pulse
return it would be the full waveform. Nevertheless, if those peaks of retuned energy
were recorded individually as discrete points, it would be called a discrete system
with lower levels of information and complexity (WasserL.A., 2020).
Finally, in bathymetric studies, when the green range of wavelength is applied, there
might be double or triple returns from benthic layers, and full-waveform can be
analyzed (Morsy, et al., 2018).
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2.4.1.3 Problems
High-resolution LiDAR point clouds can be used for linear artificial drainage
network mapping. However, this does not mean a routine procedure by which those
features such as ditches can be delineated. There are limitations in using LiDAR data
for linear ditch system extraction. For instance, the ditches which are located in field
boundaries might not be correctly identified because neighbor-related hydrological
characteristics such as flow direction and accumulation or connectivity could not be
easily estimated in these drainage areas (Cazorzi, et al., 2013). One of the problems
related to LiDAR is its high cost and discrete or in-need collection property,
especially with TLS and UAV, by which the surveying is limited to a small area. In
other words, a deficient proportion of the world has been sensed by LiDAR so far
(Hans, et al., 2003) (Dong, et al., 2020) (Shawky, et al., 2019).
Yet a major limitation with point cloud data could be its storage requirements and
calculations which makes most of the computations costly and programming
software inadequate, especially in high-resolution data (Melniks, et al., 2020)
(Lindsay, et al., 2019) (Li, et al., 2020).
Most of the flow direction algorithms are based on the elevation of the surface. As a
result, they can be effectively applied on large scales. In agrarian landscapes or
floodplain areas with slight height variance those methods would not be so efficient.
This could be because general algorithms could not be helpful for specific regions
with local characteristics. Hence, a large amount of supplemental information and
thresholds have to be applied for localization (Shawky, et al., 2019). In addition, the
elevation models have to be modified hydrologically, e.g. sinks should be removed
before using with general algorithms (Doctor & Young, 2013).
Furthermore, LiDAR data can be analyzed in low vegetation regions more efficiently
as reflectance from trees, bushes, and grass create spurious surfaces or exaggerated
values (Bowen & Waltermire, 2007). As a result, in dense vegetated or forest areas,
the relatively accurate topographic ground points can be separated from the objects
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(Liu, et al., 2018) using special filters, which is a loss of data (Hans, et al., 2003).
Hence, in filter-based elevation models, some of the micro topographic drainage data
can be discarded as well (Lindsay, et al., 2019).
Seasonal water table changes in some places lead to the establishment of channel
blocks that collect the flooding water into subsurface channels and prevent the water
from wasting. These structures are man-made culverts, ditches, or channels whose
identification can be difficult from remote sensing products. Also, it is evident that
those culverts or ditches where the water is blocked or disappeared cannot be easily
identified from LiDAR DEMs, which has to be considered carefully (Melniks, et al.,
2020). In ALS systems, the scanning pattern of the instrument and the mission
planning generally results in small variation in the viewing angles. Thus, the ground
separation from objects and outliers would be more difficult.
Additionally, the multiple return capability of LiDAR is an effective tool for feature
interpretation. If it is impossible to get multiple returns from the earth’s objects,
specifically the last return which is mainly from the ground, ground extraction could
be more challenging.

2.4.2

DEM extraction

A crucial product of LiDAR can be DEM or DTM, which depicts the elevation of
the surface in a matrix-based file, including raster or text. DEMs are constructed
using interpolation methods in different pixel dimensions and needed resolution.
Some more commonly used interpolation methods are Triangulated Irregular
Network (TIN), Inverse Distance Weighting (IDW), kriging, etc. (Rapinel, et al.,
2015). However, following a few stages before interpolation is recommended for
more accurate DEMs. In the first stage, the outliers or the noise points usually have
to be removed. Several methods or filters were suggested for this stage. Filtering can
be followed by the ground and non-ground points segregation process. After
interpolation, LiDAR-derived DEM has to be corrected geometrically or
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hydrologically applying filtering process (James, et al., 2007). Smoothing or filling
(sinks and depressions) can be carried out in this stage. The selection of the
interpolation method and its efficiency depends on the density of LiDAR points and
the required DEM resolution. Most of the up-to-date LiDAR processing software can
convert LiDAR points to DEM raster or matrix. These programs include ArcGIS,
QGIS, LAStools, Opal, (Höfle, et al., 2013) etc., and some programs are available in
programming languages like Python or MATLAB (Gomroki, et al., 2017) (Morris,
et al., 2005).
Produced DEM from bare earth might include spurious depression-like features as
sinks due to device or algorithm errors. Hence, filling algorithms and low pass
smoothing filters were introduced to solve this problem. (Clubb, et al., 2014) used
the filling method which was proposed by Wang & Liu (2006) based on overfill
elevation and the look for optimal flow paths and Wallace et.al. (2018) applied low
pass filter twice to fill the depressions, after exaggerating reliefs by multiplication of
elevation values to one hundred (Wallace, et al., 2018). In order to work effectively,
those automatic filters inspected the shape and geometric properties of the unknown
features first, such as area, circle or elliptical shape parameters, perimeter, etc.
(Doctor & Young, 2013). (Pijl, et al., 2019) used quadratic polynomials for
generation of DTM and filling the sinks.

2.4.2.1

Pre-filtering

Due to the faults in the LiDAR device or sources in the environment, it is evident
that some first and last return pulses can deviate from the correct positions and be
located in the wrong place, which is considered as dirty points or inevitable errors
much above and below the ground surface. These outliers have to be removed to
have a correct DEM, and some applications offer manual or automatic noise removal
tools for LiDAR points. Some of these software are MCC-LiDAR, LAStools,
CloudCompare, ArcGIS, LIDAR360. Earlier methods for point cloud outlier
removal were mostly based on neighborhood and adjacency operations such as
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surface fitting, smoothing, or statistical equations (Rakotosaona, et al., 2019). Zuo
et.al (2016) proposed a noise removal method based on neighborhood rules (Zuo, et
al., 2016). They first divided the LiDAR points into resembling groups and labeled
them as noise or not by applying thresholds and iterative processes. Hui et.al. (2018)
used morphological filters with applying automatically obtained thresholds for denoising LiDAR points (Hui, et al., 2018). Sharma et.al (2021) proposed a statistical
python-based method for noise reduction (Sharma, et al., 2021) and Duan et.al.
(2021) used PCA for filtering noise (Duan, et al., 2021). Chang et.al. (2018)
proposed an effective method for noise removal based on correlation coefficients,
roughness and soft thresholding. Nevertheless, parameter-free denoising methods
attempted to not rely on statistical parameters, which are difficult to estimate and
benefited from new techniques. Rakotosaona et. al. (2019) shared a deep learningbased program POINTCLEANNET which could automatically identify and remove
low curvature features as outliers (Rakotosaona, et al., 2019).

2.4.3

DTM extraction

After outlier removal, the ground points must be separated from other surface objects
such as vegetation cover, buildings, etc. (Liu & Wang, 2008) (Liu & Zhang, 2011).
This post-processing step filters LiDAR points and is an essential factor in DEM
accuracy. To extract ground points from LiDAR data, there are a few software that
are capable of point cloud classification regarding elevation, intensity, the return
number, and other properties of LiDAR data. These programs, which include
ArcGIS, LAStools, CloudCompare, TerraScan, ENVI, etc., process point clouds and
offer automatic and manual point classification tools (Kim, et al., 2020). For
instance, in the study of (Kim, et al., 2020) Cloth Simulation Filtering (CSF)
algorithm was used from CloudCompare software for object filtering over the tidal
creeks (Kim, et al., 2020). Similarly, in the research implemented by Ali et.al. 2021,
multispectral LiDAR data was used to compare different ground separation methods
using open-source software ALDPAT and ENVI. In this research, terrain points were

19

extracted in three LiDAR wavelength channels separately to analyze the results of
each filtering algorithm for different landscapes (El Nokrashy O. Ali, et al., 2021).
However, as these programs are designed for general purposes, the accuracy of the
resulted classification could be moderate or even poor considering the variety of
earth conditions and landscapes (Sharma, et al., 2021).
According to the study of Sithole and Vosselman (2004) and also Wu et al. (2019),
ground filtering algorithms can be roughly categorized into four groups: 1-surface
based, 2-slope-based, 3-clustering, and 4- block minimum. In the literature, there are
different approaches in LiDAR ground points segmentation (Vosselman, 2000)
(Sithole & Vosselman, 2004) (Wu, et al., 2019) (Tongtong, et al., 2011).
Nevertheless, among them, the most widely used ones are surface-based algorithms
which contain morphological filters and iterative interpolation or progressive
densified methods (Nie, et al., 2017). Previous studies showed that slope-based
methods were inappropriate in coarse textures (Shao & Chen, 2008). In the study of
Elmqvist (2001), a surface-based ground extraction method was proposed, which
could not effectively work where the density of points was not adequate (Elmqvist,
2001). Wu and Xu (2019) implemented a four-stage method for ground filtering,
which worked efficiently. In this method, a slope-based filter followed by a shape
based-filter was used, and then ground points could be efficiently identified and
extracted in different land covers (Wu, et al., 2019). Another recent work that aimed
to identify road boundaries used (RANSAC) plane fit algorithm for ground detection,
a popular surface-based method for ground point fitting and extraction. The output
accuracy gained from this work in different earth conditions was satisfying (Du, et
al., 2021). Unlike other works which focused on high-resolution data, Li (2019)
introduced a terrain detection algorithm for low-density LiDAR points. The method
was based on RANSAC modeling and used tangent fit each point to extract
discontinuous ground plain followed by integral imaging to simulate the ground
plain correctly (Li, 2019). Moreover, the algorithm developed by Miądlicki et.al.
(2017) for ground points filtering was based on LiDAR point characteristics, vector
dot product, and RANSAC algorithm (Miądlicki, et al., 2017). Similarly, Cao &
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Wang (2020) applied the plane fitting RANSAC method for ground point filtering
to detect the vehicle points efficiently (Cao & Wang, 2019). Additionally, in the
study of Sun et al. 2018, an effective ground segmentation method was introduced,
which used the Least Median of Squares based on the RANSAC algorithm (Sun, et
al., 2018). The study of Kocan (2021) implemented an iterative RANSAC-based
DTM extraction method which extracted ground points from 3D point clouds using
a plane fitting model. The technique applied plane fitting twice, the first for the
elimination of objects and the second for removing buildings. Then a region growing
segmentation is utilized to separate the remaining ground points to generate
continuous ground surface raster (Koçan, 2021). According to Chen et.al. 2021, most
of the previous filtering methods could not work efficiently in complicated or sloped
areas. Thus, an interpolation-based scale and terrain independent method was
implemented. The introduced method used spline interpolation for ground seed
collection in low relief regions, while applying a scale irrelevant method with a
threshold related to surface properties in complicated areas. (Chen, et al., 2021). Li
et.al. 2021 proposed a deep learning Convolutional Neural Network (CNN)-based
method, first, for point to feature raster conversion, next, to ground point
segmentation. Two deep learning algorithms ImageNet and ResNet were applied for
segmentation. Lastly, the results confirmed the proficiency of proposed method over
some other existing filtering methods (Li, et al., 2021). Finally, Ye et.al. 2021
introduced a Gaussian curvature-based method for ground points extraction. In this
study, an iterative spline interpolation method was running over the surface, then
generating different curvature constraints according to changing step size, ground
points were separated using the Gaussian mixture method. They concluded that the
results were satisfying in faults and bridges (Ye, et al., 2021).
All in all, it could be mentioned that most of the previous models for ground
segmentation from LiDAR data, more or less, were designed for even and low relief
regions. Nevertheless, their performance in complicated areas with dense objects and
outliers is doubtful.
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2.4.3.1

Terrain extraction methods

2.4.3.1.1

RANSAC

RANSAC is an iterative statistical method designed for noise and outlier removal
for datasets containing noise. To extract inliers, it uses a mathematical model with
predefined parameters. RANSAC is a non-deterministic learning algorithm resulting
in higher accuracies by increasing the number of iterations. However, because of the
rise in computations, there is a trade-off between accuracy and speed.

Figure 2.4. RANSAC searches for the best line fit in a dataset with outliers.
(Wikipedia, 2021)

Moreover, RANSAC tries to solve the model parameters in a learning technique
through random sampling of the observations. In noisy data, RANSAC iteratively
uses a voting strategy to find the best solution or fit with the maximum number of
inliers (Figure 2.4).
The RANSAC method is an iterative two-step procedure that stops when the
conditions are satisfied:
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The first step commences with the random selection of a sample subset that contains
the least required number of data for mathematical analysis. Then a fitting model and
its parameters required for the study is defined and solved for the initial sample.
The second step includes the consistency check of all dataset members with the fitted
model in the previous step. Afterward, the inconsistent data are labeled as outliers,
while fitted data are considered as inliers, and their residual error can be calculated.
The one with the minimum error is chosen as the solution among the repeated
models.

2.5

Recent Drainage Network Extraction Methods

In this subsection, drainage extraction methods from LiDAR DEMs are divided into
four categories of slope-based, curvature-based, object-based, and hybrid methods,
as mentioned earlier. Slope and curvature-based detection methods could be
considered as the geometry-based group. In the following, these categories are
explained.

2.5.1

Slope-based Methods

The most well-known method for drainage network extraction is the DEM-based
flow direction or D8 method. This method is based on the determination of flow
direction in the steepest slope among the eight neighboring pixels in the grid, and it
is sometimes called the steepest slope method. However, the D-infinity method seeks
for the flow direction or steepest slope on planer triangulation facets in an infinite
number of angles. Flow direction D8 method has a quite long history as it was
introduced in 1984 by O’Callaghan and Mark (O'Callaghan & Mark, 1984) when the
first DEMs were created. With the advent of LiDAR, the method was improved to
use high-resolution LiDAR-derived DEMs. Up to now, many studies have been
carried out based on flow direction extraction methods using DEM. Nevertheless, a
limited number of flow estimation studies could work directly with point clouds. Liu
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& Zang (2011) invented an automated D8 method for flow direction and
accumulation over gridded LiDAR DEMs (Liu & Zhang, 2011) and Cazorzi, et al.
(2013) followed a two steps procedure, first estimated the flow characteristics (a
width and a length index) and then focused on channel cross-sections to extract
storage and capacity parameters. Both studies showed promising capability of
LiDAR derived DEM to identify drainage network in low relief regions. In the study
of Vianello et.al. (2009), different slope calculation methods and flow direction
estimations have been analyzed over LiDAR DEMs with different resolutions, and
the results were reliable when appropriate resolution was selected (Vianello, et al.,
2009). In the first part of the work of Clubb et.al. (2014), D-infinity method was used
for flow estimation after filling sinks, and the results showed changing accuracies in
dense vegetated regions so they used curvature-based method (Clubb, et al., 2014).
On the contrary, Wallance et.al. (2018) benefited from unrestricted infinite flow
directions and used D-infinity method in Saga GIS with error-corrected DEM
(generated after two-stage low pass filter) and without a depression filling step. They
achieved a good accuracy (Wallace, et al., 2018). Also Pijl et.al. 2019 estimated the
drainage area with GIS using D-infinity method after applying a smoothing quadratic
polynomial on DEM. The results showed that, considering different scenarios of cost
estimation, the applied methods could improve efficiency (Pijl, et al., 2019).
Many studies used D8 flow direction method for flow analysis. However, this
method can be single flow or multiple flow which are the proportional flows in each
of the eight directions. Shawky et.al. (2019) added a python script in ArcGIS for
geometric detection of stream network and stream order. They concluded that their
tool could estimate the accuracy of D8 based stream network extracted from DTMs
or DSMs as input (Shawky, et al., 2019). On the other hand, Pan et.al (2019) prepared
a MATLAB-based toolbox MDEM, an improved version of previous PDEM
algorithm. This tool contains a stage of corrected-DEM as filling sinks is followed
by calculation of drainage properties (including single flow and multiple flow
assumptions) such as flow direction, accumulation, channel network detection (Pan,
et al., 2019). The resulted model of Durighetto, et al., (2020) presents the active
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weekly channel length estimation method based on the D8 algorithm and statistical
rainfall data dynamically. It also includes calculation of accumulation, storage,
drainage area, and a sink filling stage beforehand (Durighetto, et al., 2020).
Similarly, in the study of Li et.al. (2020), an active iterative channel head detection
method was proposed using the D8 algorithm and statistical data of slope and
drainage area without a threshold for accumulation. The results showed that this
model worked efficiently even with massive DEM sizes than other common software
like ArcGIS and GeoNet for the study area (Li, et al., 2020). Furthermore, in the
work of Veeck, et al., (2020), which used HIDROPIXEL distributed model (Clark
Labs, 2019), flow paths were estimated regarding DEM pixel slope, roughness, land
cover type etc. and subsequently flow accumulation and drainage area were
calculated. This method was a Priority First Search (PFS) algorithm which was
introduced by (Clark Labs, 2019). They indicated that, with a few adjustments and
high resolution DEMs, the work efficiency could be satisfactory (Veeck, et al.,
2020).
It has to be indicated that the study of Schwanghart, W et.al. (2010) is one of the
most comprehensive and applicable works on the analysis of DEMs and drainage
studies. Their fully accessible application TopoToolbox was constructed in 2010 and
updated since then. Its usage is straightforward and based on D8 algorithm
containing single and multiple flow assumptions (Schwanghart & Kuhn, 2010)
(Schwanghart & Scherler, 2014).
Most of the drainage network analysis which were carried out so far rely on
DEM/DTM elevation files, and LiDAR point clouds can rarely be used as input in
any of the implemented drainage programs. However, if it were feasible to use point
clouds directly, benefiting from other characteristics of LiDAR points than height,
the efficiency would be enhanced. Yet the LiDAR point clouds can be applicable
with DEM-based applications as far as being converted to elevation element (DEM)
before. In that case, the difference between classical and LiDAR-derived DEMs
could be the LiDAR DEM’s higher quality and accuracy, as mentioned in Section 1.
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2.5.1.1 Problems
In this section, some of the challenges regarding the slope DEM-based methods are
illustrated. One of the prevalent hindrances related to LiDAR-derived DEMs could
be spurious depression-like features or sinks, which cause the flow directions to be
stopped and cannot continue to express the actual streams. A sink is a pixel with a
lower elevation than all eight neighboring cells. Applying smoothing filters or other
sink filling algorithms can solve this problem (Shawky, et al., 2019) (Liu & Zhang,
2011). On the other hand, the pit filling process would affect the original DEM in an
unwanted way which may cause the output drainage network to contain artificial and
unreal features (Dong, et al., 2020).
The second common problem is related to D8 flow accumulation threshold
determination. As this threshold can be effected by drainage density and local
topography, a fixed value cannot be used for this purpose. Additionally, determining
threshold for the influencing area of the drainage basin could be challenging as well
(Liu & Zhang, 2011). Liu et.al. (2011) noted that, for the LiDAR DEMs with low
elevation variance, it is recommended to use quite low values as threshold.
Another important deficiency noted in the study of Cazorzi et.al. (2013) is the
elevation sensitivity of slope-based methods. It is expected that most of the D8 based
algorithms would not be effectively applicable to low relief regions unless the input
DEM or elevation element is sufficiently qualified to detect minor height differences
(Cazorzi, et al., 2013) Therefore, in problematic regions like low relief floodplain
areas, the drainage extraction result of flow-based algorithms or D8 mostly contain
lots of incorrectly identified channels or false alarms (Dong, et al., 2020).
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2.5.2

Curvature-based methods

Clubb, et.al. (2014) proposed a curvature-based method with two stages for channel
head detection. First, they determined the drainage area using the curvature of the
region, then they found head positions processing the slope of the channels. Their
proposed method ended up with higher accuracy (Clubb, et al., 2014).
The study of Höfle et al., (2013) attempted to extract drainage networks by multiple
stages of filling sinks, noise removal, and a GIS process of curvature-based
skeletonizing channel vector. The proposed method consists of morphological and
slope characteristics of high-resolution DEM. It was concluded that the results could
be applicable in fluvial regions (Höfle, et al., 2013). However, in the study of Liu
et.al. (2018), the gradient and quadratic curvature of intensity element of LiDAR
data was used for wet pixel extraction as extreme value (Liu, et al., 2018).
In the thesis written by Hooshyar, (2017) it is indicated that considering flow
directions from D-infinite method apart from elevation, other surface parameters,
including local curvature or slope, would be effective in flow direction
determination. To obtain surface curvature in each pixel, a fourth-order polynomial
fit was implemented to its 3x3 moving kernel neighborhood. The surface fit equation
used in this thesis is shown in Equation 2.1:
𝑧 = 𝐴𝑥 2 𝑦 2 + 𝐵𝑥 2 𝑦 + 𝐶𝑥𝑦 2 + 𝐷𝑥 2 + 𝐸𝑦 2 + 𝐹𝑥𝑦 + 𝐻𝑦 + 𝐼

(2.1)

Then curvature values at each pixel is calculated according to Equation 2.2 (Liu, et
al., 2018) (Hooshyar, 2017):

𝑘=−

2𝐺𝐸 2 − 2𝐹𝐺𝐻 + 2𝐸𝐺 2

(2.2)

(G 2 + H 2 )√1 + G 2 + H 2

To show the impact of curvature in flow direction estimation, two points from a
channel were selected and their curvature values, k1 and k2, were estimated. The
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result showed that applying curvature would lead to some variations in channel start
or ends. Especially, this could be important in higher resolutions (Hooshyar, 2017).
Similarly, Sharma et.al. (2021) estimated quadratic surface in each pixel of the DSM
by applying a moving 3x3 window. The surface equation was the same as Equation
2.1 and curvature matrix was calculated using Equation 2.3.

𝐶𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒 = − 2(𝐷 + 𝐸) × 100

(2.3)

The estimated curvature confirmed the near flat distribution of the urban region in
this study (Sharma, et al., 2021).

2.5.3

Object-based and wavelength-based method

As it is clear from its name, object-oriented methods assume objects as a lower level
in hierarchical classification. Those objects are composed of complex mixture of
attributes and other elements together. In LiDAR hydrology, some of these elements
could be LiDAR’s pulse return intensity in a wavelength, height, geometric and
return properties, and stream or watershed properties. In some studies, objectoriented method represents the drainage system’s geometric properties.
Rapinel et.al. (2015) proposed an object-oriented method for drainage extraction. In
this study, LiDAR point cloud was converted to DEMs with different resolution
properties; then a watershed was searched in all DEMs using an object-based
method. The results clarified the importance of LiDAR point density in the work
accuracy (Rapinel, et al., 2015). In the study of Bailly et.al. (2008), a three-stage
object-based drainage detection method was proposed. Firstly, an elevation map was
extracted; secondly, a curve shape estimator was sought for concavity, and lastly,
ditches were determined using a Boolean function (Bailly, et al., 2008). Lindsay et.al.
(2019) preferred to use a vector-based drainage network rather than flow direction
methods, of course where there is the availability of extraction of vector network
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(Lindsay, et al., 2019). Moreover, Melniks et al. (2020) also used previously
prepared vector models of roads and ditches to automatically identify culverts
passing a roadside ditch in the ArcScan window from ArcGIS. The stream burning
(elevation adjustment of the DTM according to the drainage pattern) was performed
in Whitebox GAT or GRASS GIS programs (Melniks, et al., 2020). Cazorzi et.al
(2013) used a high pass filter to extract small-scale features from DEM, then
proposed an automatic method that could calculate statistical properties of the
detected channels such as length, width, storage etc. The results approved that in low
relief agrarian areas object-based methods could be more beneficial (Cazorzi, et al.,
2013). Similarly, in the study of Casinginan et al., (2015), a maximum likelihood
classification method is used for the detection of curve features and curve numbers
(Casinginan, et al., 2015), while Wu & Lane (2017) attempted to derive water bodies
from their absorption band in intensity maps of LiDAR points. In this work,
thresholding methods were used to identify channels. Then potential channels were
used to estimate storage, potential flow-path, and to depict the possibility of
depressions from LiDAR DEM. They concluded that drainage connectivity and
nested depression can be identified more finely with this method (Wu & Lane, 2017).
A great number of object-oriented works are based on the intensity element of
LiDAR points. Intensity is recorded as the returned laser pulse’s strength that is in a
defined wavelength range. This tool can be used to complete other methods like flow
direction-based or curvature-based methods to separate wet channels from other dry
valley shape regions to avoid channel network disconnectivity. For instance, in the
work of Hooshyar et al. (2015), intensity maps were used for distinguishing water
bodies from the resulted map of D8 flow direction method (Hooshyar, et al., 2015).
Liu et.al. (2018) proposed a method that used first the derivative of LiDAR intensity
data for edge detection (high-pass) or Canny method after removing noise by a low
pass filter (Liu, et al., 2018). In the study of Brzank et al. (2009), point cloud height
and intensity characteristics were used to estimate the fuzzy membership of wet
points for segmentation (Brzank, et al., 2008). Also, Höfle et al. (2009) improved the
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accuracy of drainage network extraction by the combination of geometric and
intensity elements of LiDAR points (Höfle, et al., 2009).
In the study of Lee & Gharaibeh (2020), a linear-shaped object detection method was
introduced which could extract channels located aside streets with the aid of channel
parameters like channel length, gradient, width, height, etc. (Lee & Gharaibeh,
2020).
Dong, et al., (2020) suggested a line base morphologic operation instead of flowbased channel detection methods for LiDAR points. This method does not deal with
all the pixels of the DEM or the filling pit process. They concluded that this method
might improve computational efficiency. This work is added in ArcGIS as a tool
with the name Channel Extraction (Dong, et al., 2020).

2.5.4

Hybrid Methods

Increasingly, researchers made an effort to use multiple types of methods for
drainage network extraction or benefited from more than one component of LiDAR
point cloud. In that case, the results could be enhanced, profiting from the advantages
of each side. Evidentially, this kind of combining methods can be complementary to
each other. Clubb et.al. (2014) proposed multiple methods of flow-based D-infinity
for drainage network extraction but benefited from curvature-based quadratic model
for channel head recognition (Clubb, et al., 2014).
Moreover, DEMs of various sources, from traditional to LiDAR high resolution, can
be used together for improving efficiency. In the study of Morris et.al. (2005),
multispectral and LiDAR points were used for neural network wetland classification.
Similar work by Doctor, et.al. (2013) used a combination of aerial photography and
LiDAR points for channel ditch extraction (Doctor & Young, 2013).
A commonly used combination is object-based and flow-based methods. Melniks,
et.al. (2010) proposed a hybrid approach of crossed line detection for identification
of culverts under the roads, then applied a flow-based method for drainage network
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completion (Melniks, et al., 2020). Hooshyar et.al. (2015) used a flow-based method
for mapping the drainage system. However, they found that some detected channel
features do not contain water in reality. As a result, the wet channels could be
distinguished with the aid of intensity characteristic of LiDAR points (Hooshyar, et
al., 2015) (Hooshyar, et al., 2016). In the same manner, Liu et.al. (2018) combined
the flow-based methods for drainage basin determination and intensity element for
really wet regions (Liu, et al., 2018).

2.5.5

Software Implementation

In this section, some of the most popular and applicable algorithms which are
developed for the use of DEMs in drainage analysis are reviewed.
Dong, et.al. (2020) used ArcGIS python script to prepare an open-source toolbar
named Channel Extraction. GeoNet and Tec-DEM are software that are designed for
hydrological analysis. Also, TauDEM is a DEM-based program that offers a
hydrological analysis tool.
Li, et.al. (2020) proposed an open-source program for channel head detection
accompanied by a flow-based tool which can be referred to on GitHub (Li, et al.,
2020).
MDEM is a more complicated series of MATLAB codes that analyzes DEMs for
low relief areas and sink pixels and treats them. Flow direction, accumulation,
channel network and watershed properties can be estimated in the next steps (Pan, et
al., 2019). The toolbox proposed by Lindsay, et.al.(2019) is prepared in the freely
available Whitebox software written in java. This tool facilitates the treatments
related to depressions and sinks (Lindsay, et al., 2019). Additionally, DEM Analysis
section of the book MATLAB Recipes for Earth Science, the codes and concepts of
flow direction and flow accumulation, and topographic index are briefly explained
(Trauth, 2005). Nevertheless, the more sophisticated open-source program which
can be effectively applied in the vast majority of DEM and drainage network analysis
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is a series of MATLAB files named TopoToolbox. This program which was updated
several times, includes the estimation of drainage parameters such as flow direction,
accumulation, stream network, watershed, chi points and so on (Schwanghart &
Kuhn, 2010) (Schwanghart & Scherler, 2014). TopoToolbox is a package of
MATLAB commands based on the D8 algorithm to investigate drainage networks
and hydrological analysis. Other beneficial tools for drainage analysis are principal
GIS software such as ArcGIS, QGIS, and SagaGIS. These programs are not opensource and designed for general GIS purposes. They have been updated for
hydrological toolboxes containing principal drainage analysis.

2.6

Conclusion

To sum up, in this thesis drainage network extraction methods are reviewed. As the
water follows the gravitational force of the earth and is collected in lower elevations,
the height factor is the most important criterion that should be analyzed for
understanding drainage network. Initial studies applied conventional DEMs, which
were prepared using aerial imagery or satellite sensors, with course resolution and
insufficient for precise recognition of channel networks, especially for narrow
channels or the ones in densely vegetated areas. Recently, researchers benefited from
high-resolution DEMs derived from LiDAR point clouds which are 3D
representations of the surface topography. Geometric drainage methods including
flow-based and curvature-based ones are explained in this study. Here, there is still
needed to improve the DEMs by using prevalent drone-based UAVs or terrestrial
LiDAR with distinct higher quality, specifically in the problematic areas.
In the process of LiDAR point conversion to the DEM file, only the height element
of the LiDAR points was used. As a result, the vast majority of useful information
remains useless. e.g. intensity, return, density, pulse type etc. This fact led the
researchers to combine multiple types of water monitoring tools to be able to
generate more accurate results. Yet, most of the tools and applications invented for
hydrological analysis work are based on DEMs. Last but not least, it is recommended
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to introduce a method that can appropriately benefit from all dimensions of LiDAR
points or use the points clouds directly instead of losing information in the
conversion process.

2.7

Thesis Overview

In this section, a brief overview of the algorithms proposed in this thesis is given in
the flowchart of Figure 2.5. Since this thesis consists of two main stages, more
detailed flowcharts are discussed in corresponding chapters. In Chapter 3, a full
explanation of the terrain extraction process is given, and Chapter 4 describes
drainage extraction and channel identification methods.

Figure 2.5 Overview flowchart to this thesis (blue filled: process, yellow filled:
data).
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CHAPTER 3

3

3.1

TERRAIN EXTRACTION

Material and Methods

In order to evaluate the efficiency and robustness of the proposed algorithms and
methods of terrain extraction section, three different test areas were selected.
Specifically, in the case of the second area, which is explained in the following
section, a complicated condition of two natural channel which joined together in a
high dense and elevated forested region was chosen. A larger and more complicated
third region from the channel tracking perspective is also analyzed in Chapter 4.

3.1.1

LiDAR point cloud characteristics

The dataset used in this study is LiDAR point clouds acquired by Optech Pegasus
HA-500 airborne LiDAR imaging system over Bergama district located in the West
of Turkey in October 2014 (Kayı, et al., 2015). Bergama district is mostly covered
by wetlands, forests, and agricultural areas. Required control points were measured
using the Turkish RTK CORS Network in low relief and flat regions. The other
details of the LiDAR Optech dataset are given in Table 3.1.

Table 3.1 Bergama area Optech LiDAR dataset characteristics
Flight Height (MSL)

1200 m

Effective Laser repetition frequency

150 kHz
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Table 3.1 (cont’d)
Scan Angle

±35º

Mean Error

0.07 m

Scan mechanism

oscillating

point Density

≥8 points/m2

3.1.2

Site selection criteria

3.1.2.1

Terrain extraction point of view

In this point of view, as the density of objects and outliers above the ground increase,
the complicacy and challenges in terrain extraction processes would also rise. These
outliers could be tree and vegetation cover, urban areas, or other natural and artificial
objects. The other limiting factor in this perspective is the higher slope of the site,
which causes more confusion to the slope difference between surface and objects. In
addition, since most of the LiDAR points are returned from non-ground surfaces in
dense object covers, accurate terrain detection with very few points would be more
difficult. As a result, a complicated area in this context could be high-density tree
coverage covering channels and the actual ground shape with sloped surfaces.
Two areas were selected for study and test purposes. The first study area has a small
channel, a large channel and trees/bushes with around 120 x 120 m coverage (Figure
3.1) and 193761 points. The second test area is at the junction of multiple natural
waterways and contains a lot of trees. It covers around 275 x 173-meter square with
997263 points (Figure 3.2). The second area is chosen explicitly as a difficult case
where there is dense tree cover and a complicated drainage pattern.
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LiDAR data contains noise or outliers due to malfunctioning of the device. The
proposed method of this study eliminates noise as well as objects over the earth’s
surface.

Figure 3.1 The first test area. a) Orthophoto. b) The point cloud. Ground truth of
the channel thalweg is shown in blue.
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Figure 3.2 The second test area. a) Orthophoto. b) The point cloud. - Ground truth
of the channel thalweg is shown in blue.
3.1.2.2

Channel detection point of view

Flow-based methods, including D8, rely on the earth’s slope difference, so they work
efficiently in mountainous high relief areas following the steepest descent directions
to accumulate in lower elevations. However, low relief floodplain areas with lots of
objects like vegetation and sinks or hedges complicate the performance of flowbased methods. Therefore, in this aspect, complicated conditions could be a trivial
slope or elevation variances in low relief floodplain regions. So in channel detection
studies, a third Test Area 3 was selected in the low relief floodplain region to evaluate
the functionality of algorithms which is displayed in Figure 3.3. This area contains a
wide natural channel that extends diagonally in the region with around 10 million
points.
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Figure 3.3 Test Area 3 for channel detection analysis-red polygon shows the area.
3.1.3

Used software

This study used several programs and software were used for LiDAR data analysis
including MATLAB, CloudCompare, Python, ArcGIS, LasTools, Google Earth,
SAS Planet, and MCC-LiDAR. Specifically, point visualization and ground truth
extraction, which was a tedious task, was performed manually using MATLAB,
CloudCompare, ArcGIS, and LasTools, simultaneously. Furthermore, coding of the
methods and algorithms were realized in MATLAB R2021a (MATLAB, 2021).

3.1.4

Ground truth for validation

In the terrain extraction process, objects and outliers are separated from raw LiDAR
data. As a result, manually separated ground points in both test areas were used as
ground truth points. Specifically, points visualization and ground truth extraction,
which was a tedious task, was performed manually using MATLAB, CloudCompare,
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ArcGIS LiDAR dataset, and LasTools, simultaneously. After manual classification
of points in first area, 179.147 points were categorized as ground points, while in the
second area the ground points number was 479.738.
In addition, to evaluate the accuracy of Bézier surface fit to the cleaned points, Bézier
surface, which is fitted to manually separated ground points using Gridfit (D'Errico,
2006), is used as the surface ground truth (Figure 3.3).

Figure 3.4 Ground truth points and surfaces.
3.1.5

Terrain extraction methods

3.1.5.1 Overview
The methodology described in this Chapter for extracting the DTM is given as a
flowchart in Figure 3.5. Firstly, the regular grid geometry to divide the problem into
smaller parts is formed. Then the RANSAC-based algorithm using the second-
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degree polynomial model for each patch, which is the core of the method, is applied.
The ground points are labeled when they fit the quadratic models in a grid network
stepwise. In order to optimize the ground separation, the thresholds are relaxed
during each iteration. The loop implements a divide-and-conquer process which is
designed in a way that it firstly solves the easiest areas. Then, the accepted models
constrain neighboring areas. This way, accepted regions grow, and difficult regions
are reached towards the end. Next, a smooth Bézier surface, which interpolates the
gaps and eliminates slight noise in the ground points, is iteratively fitted to accepted
ground points. At each iteration, new inlier points are added to the accepted point
set. The details of the algorithm are explained in the following sub-sections.
3d point
cloud

First Stage
(RANSAC)

i=0
Initialize
parameters, i=0

Second
Stage
(Bézier)

Global Bezier fit
2nd order
RANSAC local
surface fit

Smooth
Bezier
surface
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parameters
2nd order
RANSAC local fit
with neighbor
constraints

recalculate
inliers

yes

i++, i<N2

i++, i<N1
no

no

detected
ground
points

detected
ground
points

yes

Figure 3.5 The flowchart of DTM extraction algorithm.
3.1.5.2

Local patch fitting

Patch geometry-The study area is divided into overlapping square patches with 2r x
2r size over a regular grid of step size s (Figure 3.6). 2r is chosen larger than s so
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that there is an overlap between neighboring patches. Thus, the rigid surface model
for the study area consists of the assemblage of these partial models. In this study,
the assumed. values for and s are 1 m and 1.5 m, respectively.

Figure 3.6 Grid top view, radius (r) is in pink, grid centers are shown with green
circles, and cell size (s) in blue is the distance between centers, and o in black is for
overlapping region between two neighboring cells.

RANSAC-The RANSAC algorithm is a robust iterative strategy that has been
frequently used to fit surfaces buried in the point cloud. The method simulates the
earth topography using an iterative mathematic model with defined parameters to
find the best fit for the dataset (Sun, et al., 2018). However, the relevant surface
parameters that may affect object detection efficiency of have to be considered
wisely. The thresholds applied in this procedure are relaxed as the algorithm
proceeds.
Second degree polynomial (quadratic bivariate function)-RANSAC mathematical
model determines the type of surface fitted to data. This model can be plane (firstdegree polynomial) (Lan, et al., 2018) (Koçan, 2021) (Sun & Salvaggio, 2013)
(Yang, et al., 2016) or higher degrees of surfaces regarding the purpose of the study.
In this work, the quadratic model is chosen for the ground fit because the earth’s
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surface is curved and complicated. Note that the grid size should be chosen small
enough so that a quadratic patch can capture the main shape but large enough not to
fit the noise or clutter. Quadratic polynomial is defined as
𝑧 = 𝑎 𝑥 2 + 𝑏 𝑦2 + 𝑐 𝑥 𝑦 + 𝑑 𝑥 + 𝑒 𝑦 + 𝑓

(3.1)

where z refers to elevation, x and y are two coordination elements of the surface, and
a, b, c, d, e, and f are the polynomial coefficients that are calculated during RANSAC
estimation for each neighborhood of points (Ahmed, et al., 2021) (Sharma, et al.,
2021). Surface parameters can be estimated using the coefficients of quadratic
functions. These parameters include principal curvatures, slope, aspect, Terrain
Ruggedness Index (TRI), etc. (Nonomura, et al., 2019).
Parameters constraining the solution-The hypotheses created in the RANSAC loop
are filtered out by a group of parameter thresholds that are relaxed in the loop. The
parameters are: 1-Root Mean Square Error (RMSE) value of residuals between the
model and the inliers, 2-ratio of detected inliers to the total number of points in the
neighborhood, 3- slope of the patch at the center, 4-difference (in terms of elevation
difference and difference between surface normal vectors) between the model and
already accepted neighboring patches in the overlapping part. To estimate the
difference values, three points are selected in the overlapping region between two
neighboring fits. For evaluation of slope and elevation constraint between
overlapping fits, the average of the estimated slope and elevation among three point
sets are used. The average elevation differences in each point set cannot exceed a
predefined threshold. Likewise, the average angle between the neighboring fits must
be in a predefined range. To estimate the angle between two fitted surface at each of
the selected three point sets, the dot product of their normal vectors are calculated.
Lastly, the elevation of the fit centers should not exceed the mean of the elevations
of the points in that neighborhood plus their standard deviation (Figure 3.7). To
achieve high accuracy, the parameters solve the simpler regions in the first steps,
including low relief, low slope and object-free places, and also the points assigned
as outliers are removed from the data in each iteration. The thresholds of these
parameters are relaxed as the algorithm proceeds, and more difficult areas are
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handled. In Table 3.2, the initial and relaxed values of thresholds for the noted
parameters are given.
Table 3.2 Assumed parameter thresholds in initial and relaxed stages
Parameters

Initial

Relaxed

RMSE

0.03

0.04

Inliers/Total points

75%

30%

Slope of patch center

15°

40

0.2 m

0.3 m

5°

7°

Elevation difference between two fits in
overlapping points
Slope difference between two fits in
overlapping points

< (Zmean + Zstd)

Elevation of fit centers

Local fitting with neighbor constraints
Quadratic fits in each neighborhood are affected by all the points around the grid
centers within the 2r x 2r neighborhood. Since the distance between grid centers, s,
is smaller than 2r, neighboring fits overlap as shown in Figure 3.6. As a result,
accepted patches impose constraints on the patches in the neighboring cells. Since
we assume continuity on the surface and the second derivative of the surface for
smoothness, the distance between the overlapping parts and the angle between the
surface normals of the same areas should be small to keep consistency. In Figure 3.7
the elevation and slope difference between two points with the same x and y in two
neighboring fits are illustrated. In difficult places where a solution cannot be found
with strict constraints, a correct solution can be found with relaxed constraints and
with the aid of neighboring fit constraints.
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Figure 3.7 Two Neighboring patches with LiDAR points: a) Three points in the
overlapping region where consistency is evaluated. b) side view of one evaluation
point set. p1 and p2 are corresponding points with the same x and y - yellow arrow:
the elevation difference, pink arrow: Normal vector to the pink patch at point p1, red
arrow: Normal vector to the red patch at point p2, the angle between the two normal
vectors is calculated using dot product of the normal vectors of two corresponding
points in each point set.

3.1.5.3

Bézier surface fitting

Bézier surfaces are based on mathematical splines used in computer graphics,
computer-aided design, and finite element modeling (Chen, et al., 2021). Bézier
surface is defined by a set of control points as a type of interpolation method.
However, the surface does not necessarily pass through all the control points (Lifton,
et al., 2021). In this study, the Bézier surfaces are used iteratively to estimate the
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unfilled regions that the algorithm could not fit any surface and generate a final
surface from the inliers whose smoothness can be controlled (Ye, et al., 2021). The
Bézier surface is estimated using the Gridfit library (D'Errico, 2006). The extracted
Bézier surface over cleaned point cloud can be smoothed more by decreasing the
number of control points or increasing the smoothing factor. In this study, the control
point interval distance was mainly considered as 1.5 m, and the desired smoothness
factor was 5 because narrow channels vanish with larger values, and local
depressions and sinks appear as real valleys with smaller values. In order to
interpolate the point-free regions in the cleaned results, detect more ground control
points, and generate continuous and smooth earth terrain, iterative Bézier surface
fitting is used. In each iteration, the points which are located within a predefined
distance from the fitted surface are added to the previously generated ground points.
In the first three or four iterations, this predefined distance threshold was assumed
as 30 cm, then relaxed to 40 cm at the end next iterations. Four iterations are enough
to include missed ground points to the solution.

3.2

Result and discussion

3.2.1

Local Patch Fitting with Relaxation

3.2.1.1

Qualitative results

The proposed fitting method has two iterative stages. Stage one is the RANSACbased grid patch fits, while second stage is the global Bézier surface fit. The number
of iterations in the first stage depends on the study area and the relaxation processes
needed for the growth of regions. 60 iteration numbers were resulted in efficient
DTM extraction in both of the Test Areas starting with strict thresholds and relaxing
linearly to the final values. However, the neighboring constraint stages, which are
performed every other steps, surface fitting is guided with previously filled
neighbors, relaxation is not necessary during iterations except for the slope values.
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In Figure 3.8. and Figure 3.9, the number of iterations at which pixels are solved are
shown in Test Areas 1 and 2, respectively. It is clear how the regions grow from
easier (flat and without vegetation) to more difficult regions (curved and covered
with trees and bushes). Moreover, the detected ground points as a result of the
proposed method are illustrated in Figure 3.10 and Figure 3.11. It is clear that most
of the noise and outliers, especially trees, are removed.
It is observed from Figure 3.10 and Figure 3.11 that the ground layer is accurately
extracted using the implemented algorithm, even in very dense and difficult regions.
The main problem might be the lack of points in the resulted ground layer in the
regions where no fit could be constructed. These places are mostly covered with very
dense non-ground objects, and there are very few points belonging to the ground. As
a result, cleaning the noise and objects might lead to empty regions in the resulting
ground point cloud. These areas can be observed more frequently in Figure 3.11
because of the denser vegetation. In Figure 3.12, the position of a cross-section over
unfilled regions in Test Area 2 is displayed. Also, in Figure 3.13, the cross-view of
a 30-meter wide longitudinal section from the point cloud in Test Area 2 is shown.
It can be seen that the unfilled white regions are located in the very dense vegetation
cover.
Although the extracted points mostly belong to the ground layer, there is still room
for enhancement due to the missing ground points. In Figure 3.14, a closer view of
3d patches over the narrow channel in Test Area 1 is depicted.

47

Figure 3.8 The iteration numbers at which grid points are solved for Test Area 1.
The regions grew from flat areas to complicated parts

Figure 3.9 The iteration numbers at which grid points are solved for Test Area 2
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Figure 3.10 The points accepted as ground are coded with color according to the
iteration number for Test Area 1. A is a narrow channel, while B is a wider one.

Figure 3.11 The points accepted as ground are coded with color according to the
iteration number for Test Area 2. It can be seen that in this area two channels
converge.
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Figure 3.12 Above look of a north-south cross-section over Test Area 2.

Figure 3.13 Cross-view of a 30 m wide N-S profile over Test Area 2. The left side
that coincides with the northern part of the section is covered with bushes and
vegetation to denser trees in the right (bottom parts in Figure 3.12)

50

Figure 3.14 Close up of RANSAC fit results. 3D surface fits and ground points
from narrow channel in Test Area 1 and the narrow channel A in red.

Moreover, constructed Bézier surfaces over raw and cleaned points in Test Area 1
and 2 are illustrated in Figure 3.15 and Figure 3.16, respectively. The smooth
distribution of resulted ground points and removal of non-ground points are clearly
visible in both images.
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Figure 3.15 3D reconstruction from a) detected points overlying raw points in black
and cleaned points in blue. b) Only the surface for Test Area 1. Surfaces are drawn
using Gridfit MATLAB codes (D'Errico, 2006).
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Figure 3.16 3D reconstruction from a) detected points overlying raw points in black
and cleaned points in blue, b) Only the surface for Test Area 2.
3.2.2

Bézier Surface Fit

3.2.2.1

Quantitative results

The accuracy assessment of extracted ground points with respect to manually
separated ground truth is demonstrated in Table 3.3 and Table 3.4. Also various
performance metrics of the extracted ground points in both test areas are illustrated
in Table 3.5 Performance metrics.. It can be seen from the confusion matrices that
the ratio the of outlier (non-ground) points in Test Area 2 is considerably higher than
that of Test Area 1 (45% vs 6%), which could be an indication of complicacy. In
addition, the RMSE of the surfaces constructed from the ground truth points and the
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surfaces produced from the detected ground points are 0.07 m for Test Area 1 and
0.23 m for Test Area 2. The distribution of this error is not uniform and is shown in
Figure 3.17 for Test Area 2. The difference values are higher in the channel
vicinities, especially in the curved right region shown in yellow.
Table 3.3 Confusion matrix for Test Area 1.
# of raw points=193761

Actual ground point

Actual non- ground
point

Detected ground point

169089

10058

Detected non- ground

3642

10972

points

Table 3.4 Confusion matrix for Test Area 2.
# of raw points=997263

Actual ground point

Detected ground point

445664

Actual non-ground
point
34074

Detected non-ground point

65575

451950

Table 3.5 Performance metrics.
Metric

Test Area 1

Test Area 2

Recall

94.4 %

93 %

Precision

98 %

87 %

F1Score

96 %

90 %

Accuracy

92.93 %

90 %
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Figure 3.17 Error distribution in Test Area 2.
3.3

Conclusion

This study aims to extract ground terrain from LiDAR point clouds, especially in the
vicinity of watercourses partially covered with woody vegetation. A robust divideand-conquer strategy that automatically leads into region growing is proposed to
solve the problem. Referring to the results, it can be concluded that the method works
effectively in natural landscapes to detect natural and man-made channels even in
the presence of trees and bushes. High accuracy and low RMSE highlight the
potential of LiDAR points and introduced method for continuous ground layer
construction. The method was tested over two different datasets, and most of the
points were correctly classified with accuracies around 90%. Furthermore, a small
RMSE after Bézier surface fitting confirmed the true approximation of the ground
surface. The resulted ground points from this study can be effectively used in several
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applications, including hydrology, geology, urban planning, high-resolution DTM
production, etc.
As indicated in Section 3.1, the density of the dataset used in this study was 8
points/m2. It can be recommended that by using higher density point clouds, at least
in problematic areas, the RANSAC estimations and surface approximation would be
more accurate because the empty regions might be smaller. However, it must be
considered that higher density LiDAR points require more storage and processing
time. Additionally, one of the main challenges of this study is the time-consuming
RANSAC estimations and the choice of the best thresholds. Hence, testing the
algorithms with more data sets and development of new algorithms for deriving the
optimum thresholds from the scene itself would be useful.
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CHAPTER 4

4

4.1

DRAINAGE NETWORK EXTRACTION

Introduction

In the earlier chapter, a RANSAC-based iterative method was proposed for DTM
extraction from LiDAR points. In this chapter, a curvature-based channel tracking
method is proposed. Firstly, channel detection hypotheses are generated, then the
cross-section from each hypothesis is captured and analyzed geometrically. If the
geometric characteristics satisfy the predefined channel conditions, the hypothesis is
labeled as a valid channel and then channel sections are iteratively searched along
the channel length in both sides of the valid hypothesis point in the minimum
curvature direction perpendicular to the cross-section. Afterward, the detected
channel is removed from a mask so that no hypotheses are generated in this area. The
hypothesis generation and channel tracking is repeated until no point can be detected
as a valid hypothesis. Our focus is on natural and man-made channels in plain areas
where it is more difficult to detect the network.

4.2

Flow-Based Drainage Extraction

Earlier analyses were mostly based on flow-based methods, which assume that water
follows the earth’s gravitational force and is collected in lower elevations. In fact,
flow-based methods rely on the slope and elevation difference between adjacent
points and estimate the flow in each point to the neighboring point with the steepest
descent direction. Thus, surface elevation data can be used as input for flow-based
methods. After flow estimations, flow accumulations are calculated according to the
summation of the flows that reached each cell. Flow-based channel extraction is then
performed applying local-adjusted thresholds over the higher accumulated regions.
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As indicated in Chapter 3, these methods work well in high-relief regions, while their
performance decreases considerably in low relief floodplain areas with lots of false
alarms and missed true channels. To evaluate the performance of the channel
tracking algorithm which is proposed in this thesis, the results are compared with
flow-based channel results.

4.3

4.3.1

Material and Methods

Overview

In Section 4.3.2, channel hypothesis generation is explained. It includes the curvature
analysis and estimations, which lead to surface geometric shape definition.
Afterward, the randomized generation of channel hypotheses for valley cells is
discussed. Finally, channel tracking from testing cross-sections and maximum and
minimum curvature values are illustrated. In Figure 4.1, the flowchart of steps
followed in this chapter is given.
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move perp. to
max. curv.

DTM

Generate
hypothesis

Candidate
location

Check if a valid
channel section

yes

yes

Check if a valid
channel section

no

no

convergence

no

yes

end

Figure 4.1 Flowchart of the channel detection algorithm.
4.3.2

Channel hypothesis

Since potential channel locations should be in the valley-like regions, knowing the
surface geometric features estimated from principal curvature values is main
requirement for construction of channel hypothesis.

4.3.2.1 Curvature analysis
This section describes curvature estimation methods from the coefficients of
quadratic polynomial functions. Quadratic modeling is performed in a moving
neighborhood over the surface, and curvature is calculated in each cell regarding the
corresponding neighborhood quadratic coefficients. The flowchart of curvature
estimation steps is shown in Figure 4.2.
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Figure 4.2 Flowchart of curvature estimation steps.
4.3.2.2

Curvature definition

Mathematically, the curvature is the value of geometric difference between a line
and a curve or, similarly between a plane and a surface. Hence, the curvature of the
lines and planes is zero. The amount of deviation from a plane can be a measurement
factor for curvature estimation. The curvature of the circles is defined by the
reciprocal of their radius, and smaller circles have greater curvature. In a curved
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surface, the curvature at each point can be approximated using the curvature of the
best-fitted circle to the surface at that point. The curvature of a curve is defined as a
scalar quantity, unlike the tangent vector at a point (Figure 4.3).

Figure 4.3 Curvature definition in a point on a curve (Wikipedia, 2017).
4.3.2.3

Principal curvatures

On surfaces, the curvature value is not the same in different directions. As a result,
curvature estimation could be difficult and related to the selected direction, which
leads to the definition of maximum and minimum curvature or principal curvatures
(Besl, 1988).
These principal curvatures are the Eigenvalues of the shape operator at the selected
point. The principal curvatures at point p are defined by k1 and k2 as the maximum
and minimum curvature values, respectively (Figure 4.4). Curvature is used chiefly
for ridge and valley detection, which are important features for watershed and basin
delineation and water storage estimation. This method is used to quantify the
surfaces with irregular shapes, predict channel heads, or identify the channel
networks.
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Figure 4.4 Display of principal curvatures (Wikipedia, 2021).
4.3.2.4

Gaussian and mean curvature

Additionally, the concept of Gaussian Curvature, K, is defined by the product of
maximum and minimum curvatures, or k1* k2, and also mean curvature, H, is the
mean of the two principal curvatures, i.e., (k1 + k2) / 2 (Besl, 1988).

4.3.2.5

Geometric surface shape

Geometric shape definition for the surface can be explained using the variations of
the principal curvatures with respect to each other or the values of K and H (Besl,
1988).
1-The first shape approximation is from the values of maximum and minimum
curvature k1 and k2 according to the Table 4.1.
Table 4.1 Surface shape classes from principal curvatures k1 and k2.
k1
>0

=0
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<0

Table 4.1 (cont’d)

k2

Hyperboloid

>0

Concave pit

Concave valley

=0

Concave valley

Plane

Convex ridge

<0

Hyperboloid surface

Convex ridge

Convex peak

surface

2-The second shape definition calculated from Gaussian and mean curvatures are
given in Table 4.2.
Table 4.2 Surface shape from K and H (Besl, 1988).
K
<0

H

=0

>0

<0

peak

ridge

Saddle ridge

=0

none

flat

minimal

>0

pit

valley

Saddle valley

A synthetic surface that is categorized regarding the k1 and k2 values is given in
Figure 4.5. The legend of the colored feature classes is explained in Table 4.3. For
example, when one of the principal curvatures, k1 and k2, is close to zero, and the
other is greater than it, the surface shape would be valley-like. The proposed tracking
algorithm searches in valley regions to find the true channels.
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Figure 4.5 A synthetic surface that is categorized using principal curvature values.

Table 4.3 Legend table (surface shape definitions) for synthetic surface.

Pink is surrounded by blue
Pink is surrounded by yellow

Principal curvatures are the roots of Equation 4.1:
𝑘^2 + 2 𝐻 𝑘 + 𝐾 = 0

(4.1)
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where K is Gaussian Curvature and H is mean Curvature. Thus, k1 and k2 can be
estimated as the roots of the second degree equation according to the formula given
in Equation 4.2:
(4.2)

𝑘1 𝑜𝑟 𝑘2 = 𝐻 ± √𝐻 2 − 𝐾

4.3.2.6

Curvature estimation methods

Curvature can be estimated for surfaces whose degrees are higher than a plane or
higher than one. As a result, the ground surfaces estimated applying the secondorder quadratic fit explained in Section 3.1.4.2 have curvature values. The
coefficients extracted from (4.8) are used to define the first and second fundamental
forms for curvature calculation.

4.3.2.7

First and Second Fundamental Form Estimation

In this study, the first and second fundamental forms of the quadratic surfaces
resulted from Chapter 3 are used for the calculation of principal curvatures in each
patch fit. In differential geometry, the first fundamental form is the dot product of
the three-dimensional tangent vectors and an indicator for the element of curve fitted
to the surface at a point on the surface. A point on the surface can be defined by
Equation 4.3 (Peet & Sahota, 1985):
𝑅(𝑥. 𝑦) = 𝑥𝑖 + 𝑦𝑓 + 𝑧(𝑥. 𝑦) 𝑘

(4.3)

The first fundamental form of the surface is given in Equation (4.4), and the
calculations of E, F, and G are given in Equations (4.5), (4.6), and (4.7), respectively.
I = ds2 = dR. dR = E dx2 + 2F dx dy + G dy2
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(4.4)

where
𝐸 = 1+(
F=

𝜕𝑧 2
)
𝜕𝑥

(4.5)

𝜕𝑧 𝜕𝑧

(4.6)

𝜕𝑥 𝜕𝑦

𝐺 = 1+(

𝜕𝑧 2
)
𝜕𝑦

(4.7)

Since terrain surface modeling is performed using RANSAC-based bivariate
quadratic polynomials according to Equation 3.1 z in Equation (4.8) is a second
degree function that contains six coefficients in each grid fit (a1, a2, a3, a4, a5, a6)
in this thesis. Considering z as in Equation (4.8) and solving it for E, F, and G, the
estimated values are given as:
𝑧(𝑥. 𝑦) = 𝑎1 + 𝑎2 𝑥 + 𝑎3 𝑦 + 𝑎4 𝑥 2 + 𝑎5 𝑦 2 + 𝑎6 𝑥𝑦

𝐸 = 1 + (𝑎2)2

(4.8)

(4.9)

F = 𝑎2 𝑎3

(4.10)

𝐺 = 1 + (𝑎3)2

(4.11)

Progressing through second fundamental form, which represents the curvature of the
curves passing through the considered point, the estimation is based on Equation
(4.12), and e, f, g estimations are illustrated in Equations (4.13), (4.14), and (4.15),
respectively (Musuvathya, et al., 2010) (Parker, 2010):
𝐼𝐼 = 𝑒 𝑑𝑥 2 + 2𝑓 𝑑𝑥 𝑑𝑦 + 𝑔 𝑑𝑦 2

(4.12)

𝐸𝐺 − 𝐹 2 = 1 + 𝑎22 + 𝑎32

(4.13)
(4.14)

𝑒 = 2𝑎4 √(𝐸𝐺 − 𝐹2 )
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(4.15)

𝑓 = 𝑎6 √(𝐸𝐺 − 𝐹2 )

(4.16)

𝑔 = 2𝑎5 √(𝐸𝐺 − 𝐹2 )
Assuming fundamental forms in matrix form as:
𝐸 𝐹
)
𝐹 𝐺
𝑒 𝑓
B= (
)
𝑓 𝑔

( 4.17)

A= (

(4.18)

and the direction matrix as (Peet & Sahota, 1985):
𝑑𝑥
V= ( ),
𝑑𝑦

(4.19)

the first and second fundamental forms can be written as:
I = V' A V

(4.20)

II = V' B V

(4.21)

The curvature in the V direction, based on the first and second fundamental forms,
is calculated by:
k=

𝐕′ 𝐁 𝐕

(4.22)

𝐕′ 𝐀 𝐕

Then, the maximum and minimum curvatures are estimated as the solutions for
eigenvalues of A and B according to Equations (4.23) and (4.24) (Peet & Sahota,
1985):

(𝐁 − k 𝐀)𝐕 = O

(4.23)
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e−kE
f− kF

|

f − kF
|= 0
g −kG

(4.24)

The principal curvatures k1 and k2 are estimated as the solutions or eigenvalues. One
of these curvatures is the minimum, and the other is the maximum curvature value,
which are in perpendicular directions. Moreover, the orientations of principal
curvatures are calculated using two multivariate functions of the eigenvector as
(Richards, 2013):
𝑽 𝑰 𝑽′ = 𝑰 (Identity matrix)

(4.25)

(𝐁 − k i 𝐀) 𝐕 = O

(4.26)

As indicated, V is the direction vector with unit magnitude.
In this thesis, regarding the results of the Chapter 3, Bézier fitting results are assumed
to represent the DTM correctly. Since most of the sinks and depressions and other
extra objects are removed, the geometric shape of the earth can be expressed clearly
using these surfaces as input to the curvature analysis. Hence, these surfaces are used
for quadratic modeling and curvature analysis, including first and second
fundamental forms that lead to geometric ground shape identification as discussed
in this section.

4.3.2.8

Hypothesis criteria

In order to identify channels, there are some basic hydrological principles that have
to be satisfied. These principles are related to morphological properties of the
channel, including channel depth, channel width, channel shape, etc. To decide
whether a valley point is related to a channel or not, and to eliminate small
depressions, the proportion of the width of the channel to its depth at thalweg is
considered. These parameters are illustrated in Figure 4.6.
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Here, the steps followed to reconstruct the channel hypothesis for valley points are
given. The valley hypotheses are randomly selected from the geometric curvature
type labeled in the output of curvature estimations.
1-Select a cell randomly from a point labeled with “valley” shape
2- Find the minimum z value (possible thalweg point) in the maximum curvature
direction
3-Find the two maxima in both sides of the thalweg
4-Find the lowest maximum point that determines the maximum water level
(bankfull) and calculate the maximum depth, d
5-Find the corresponding location of the lowest maximum in other side of the
thalweg and calculate the maximum width, w
6-Calculate w/d for the channel cross-section. If the value is above a predetermined
threshold, accept it as a channel. In Test Area 1, for the narrow channel this ratio is
obtained around 20 m/m, while for wider channel, the ratio is estimated as 9 m/m.
The threshold is set as 30 m/m. Also, with these values the channels in Test Area 2
could be identified as well.
7-Depth d of the thalweg points have to be greater than a threshold value. This
threshold is set to 0.4 m.
8-w * d which is an indicator of the section area should be larger than 4.5 m2.

4.3.3

Channel-section detection

Cross-sections could help to understand the geometry of earth’s features better. In
channels, it could be investigated if the profile belongs to a channel by viewing the
cross-sections. For instance, Figure 4.6 explains a profile of the left channel in Test
Area 2. The channel width, w, channel height, d, and left and right bankfulls are clear
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in this figure. Nevertheless, the small valley indicated by red arrow might not be a
channel.

Figure 4.6 A cross section from the channel in Test Area 2 at point (104, 38).
4.3.4

Channel tracking

This section explains how the channel is tracked using the principal curvatures of the
detected channel points discussed in the previous section. In detail, if the hypothesis
valley point is considered as a channel, the channel tracking procedure is performed
in the minimum curvature direction at that point in both sides of the point. This
direction is vertical to the cross-section direction in each tracked point and is
explained in the Figure 4.7. Then, channel tracking continues using the crosssections in the maximum curvature direction and the predefined channel criteria,
until the hypothesis channel criteria are not satisfied. After detection of the whole
channel segment, the detected channel region is removed from the defined geometric
shapes so that it is excluded from the next hypothesis selections, and the algorithm
returns to the channel hypothesis stage and searches for other valid channel points
until no points could satisfy the hypothesis criteria.
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Figure 4.7 A cross-section in the maximum curvature direction in red at point
(103,37). Orange arrows show the minimum curvature (tracking) directions in both
sides of the thalweg point.
4.3.4.1

Ground truth extraction

Manually drawn channels from Google Earth application in both test areas were
considered as ground truth for drainage analysis (Figure 4.8).
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Figure 4.8 Ground truth channels
4.3.5

Channel capacity

The algorithm presented in this thesis can be used for various purposes. One of them
is channel capacity calculation. To demonstrate the use, examples are given in the
results section and the background is explained here.
The channel morphology, which is altered by passing water, determines the water
content and channel dimensions, especially in open surface channels (Figure 4.9)
where there is no pressure on the channels surface except for the atmosphere effect.
The main motivational energy for open surface water to flow is the gravitational
force of the earth in relation to channel length and slope. Natural channels like rivers
and streams have natural and not straight shapes as the channels in Test Area 2. Also,
man-made channels for drainage and irrigation, like the channels in Test Area 1,
could be open surface as well. In the artificial channels, the dimensions of crosssections and thalweg slope are generally steady. In this thesis, parameters necessary
for the channel capacity estimations using Manning equation (Manning, 1889)
(Manning, et al., 1890) are calculated on the average for each channel segment.
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Estimation of channel dimensions and the amount of water that could be carried is
an essential factor in flood and overflow predictions and management.

Figure 4.9 A channel view (Butler, 2007). (used here under the Creative Commons
License)
4.3.5.1

Manning equation

The most widely used and straightforward method for physical-based channel
velocity and capacity estimations is Manning equation that was invented by Robert
Manning (1890) from his investigations in Ireland (Chaudhry, 2008). The Manning
equation for calculation of channel velocity and channel capacity are given in
Equation (4.27) and Equation (4.28), respectively.
𝑐 2/3 1/2
𝑅 𝑆
𝑛
𝑐
𝑄 = 𝑅 2/3 𝑆 1/2 𝐴
𝑛

(4.27)

𝑉=

(4.28)

where
• Q is the volumetric flow rate passing through the channel reach in m3/s,
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• A is the cross-sectional area of flow normal to the flow direction in m2, (Figure
4.10)
• S is the bottom slope of the channel in m/m (dimensionless) (Figure 4.11),
• n is a dimensionless empirical constant called the Manning roughness coefficient.
This value is explained in Table 4.4 and Figure 4.12 in detail for different material
and channel conditions, respectively.
• Rh is the hydraulic radius = A/P,
• P is the wetted perimeter of the cross-sectional area of flow in m.
The Equation (4.27) is in International System of Units (SI). metric units and when
is multiply by the area of cross-section, it could be used as channel capacity (4.28).

Figure 4.10 The illustration of channel capacity estimation’s parameters.
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• 𝑐=1 if length units are in meter and 1.49 if length units are in feet.

Figure 4.11 Illustration of slope estimation for channel capacity estimation (Butler,
2007). (Creative Commons License).
Table 4.4 Common values of n regarding channel material (Chaudhry, 2008).
n

Material
Metals
Steel

0.012

Cast iron

0.013

Corrugated metal

0.025

Non-metals
Lucite

0.009

Glass

0.01

Cement

0.011

Concrete

0.013

Wood

0.012

Clay

0.013

Brickwork

0.013

Gunite

0.019

Masonary

0.025

Rock cuts

0.035

Natural streams
Clean and straight

0.03
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Table 4.4 (cont’d)
Bottom: gravel, cobbles and boulders

0.04

Bottom: cobbles with large boulders

0.05

Figure 4.12 The explanation of some values for n regarding channel condition. It
seems that for the channels in the Test Areas the 0.05 value for n is suitable. (Butler,
2007), for more details (Chow, 1959) (Creative Commons License ).
4.3.5.2

Channel capacity prime rules

Water flows downwards (from higher slope to lower)-Considering gravitational
force potential energy, the flow gradient energy is proportional to the slope of the
thalweg S as given in Equation 4.29) and Error! Reference source not found..
𝑆=

𝑑𝑧
𝑑𝑥

4.29)

Figure 4.13 Channel length.
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Conservation of mass, energy and momentum-Constant flow depth at the steadystate means velocity and depth do not change in time, and uniform conditions means
velocity and depth are steady along the channel length u.
Properties of channel resist to flow-Channel morphology, swirling shape, thalweg
roughness, turbulence altogether enforce a resistance force on the water flow.
The balance between depth and velocity of the flow-The flow rate is expressed by
Q, the energy gradient by S and the channel resistance properties is expressed by c,
n and R in the Manning equation.

4.3.5.3

Area and perimeter estimation

Channel properties like cross-section area, slope, and cross-section perimeter have
to be approximated first, to estimate Q, channel capacity, from Manning equation.
In order to approximate the area and the perimeter, each cross-section along the
channel is divided into rectangles with the dimensions of grid size, s, and L, the
elevation difference between the portions of cross-section in that rectangle and the
water table elevation in that cross-section. Total area in a cross-section is assumed
as the summation of the areas of all these rectangles, while the perimeter is
considered as the summation of Euclidian distances between elevation difference at
every two subsequent rectangles and the width of each rectangle or grid size s in a
cross-section. (Figure 4.14). Finally, the average values of area and perimeter are
estimated along the channel. In Figure 4.1, the cross section rectangles and their
dimensions are illustrated.
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L

Figure 4.14 The area and perimeter estimation in a cross-section. The colored
points are the channel bed points in the cross-section.
4.4

4.4.1

Results and Discussion

Curvature analysis

In this Chapter, the initial curvature estimations are performed using the output
coefficients of quadratic patch fits over LiDAR points. However, the results could
not be clearly interpreted, as shown in Figure 4.15. The reason behind this could be
the small variations and sinks or depressions among raw LiDAR points which affect
the fit and curvature results. As a result, the DTM or Bézier smoothed surfaces are
used as input for curvature analysis.
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Figure 4.15 Geometric surface shapes from curvature estimations using local
quadratic fit over raw LiDAR points.

Curvature estimations are based on coefficients of the local quadratic functions and
fundamental forms. Since the result of the Bézier surface fitting is used as the input
to the curvature estimations, the shape geometries, which are defined using principal
curvatures, could change according to the Bézier smoothing factor and the density
of the control points. It could be noted that more detailed shapes with sharper edges
require a smaller distance among control points and lower smoothness. In Figure
4.16, the legend of geometric features is displayed. In Figure 4.17, Figure 4.18 and
Figure 4.19, the resulted shape definitions are illustrated with increasing smoothing
factors from 2 to 10 for Test Area 1. In Figure 4.17, surface features are estimated
using a control distance of 1.5 m and a smoothing factor of 2 and 5. More detail and
sharper edges in Figure 4.17a are obvious. However, in Figure 4.18, the geometric
surface shapes are defined using a control distance of 1.5 m in Figure 4.18.a and 1m
in Figure 4.18.b both with a smoothness of 8. Different shape estimations and
presence of small features in b with 1m grid distance are obvious. Similarly, in Figure
4.19, a smoothing factor of 10 is used with 1.5 m and 1 m grid distance. It could be

79

concluded that the impact of the rise in the smoothness can be comparable with
increasing the control point distance.

Figure 4.16 Legend table for the features that are extracted from curvature.

Figure 4.17 Shape definition for the surface from principal curvatures for Test Area
1. a) with control point distances of 1.5 m and smoothing factor of 2. b) with
smoothing factor of 8.
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Figure 4.18 Geometric features using smoothing factor of 5 but different distances
of control points. a) 1.5 m distance b) 1 m distance.

Figure 4.19 Geometric features using smoothing factor of 10 but different distances
of control points. a) 1.5 m distance b) 1 m distance.

Figure 4.20 the effect of increasing the smoothing factor in Test Area 2. The
removal of small features and extra details can be seen from a to d.
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Figure 4.20 Shape definition for the surface from principal curvatures for Test Area
2. with control point distances of 1.5 m and smoothing factor of a) 2, b) 5, c) 8, and
d) 10.
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4.4.2

Channel tracking

4.4.2.1

Hypothesis evaluations

In this section, the results of the channel tracking algorithm proposed in this thesis
are presented for Test Area 1 and Test Area 2. In Figure 4.21 and Figure 4.26, valid
hypotheses are shown for both areas. In the next stage, which is cross-section
geometric evaluation, the thalweg point of the current cross-section is identified as
can be seen in Figure 4.22 and Figure 4.27 in both areas. Afterwards, the channel
length is tracked in both sides of thalweg point in minimum curvature direction to
the next pixels from the first detected thalweg point. As a result, the thalweg points
could be identified in an iterative process. Figure 4.23 and Figure 4.28 illustrate the
channel tracking procedure. When a channel is identified, it is removed from the
curvature map image, and the potential hypothesis area shrinks until no valid
hypothesis exists. This stage is shown in Figure 4.24 for Test Area 1.
To evaluate of the validity of the hypothesis, the surface geometric shapes, which
are explained in previous sections, are used as the input. First of all, the proposed
algorithm searches a random point from the pixels which were classified as valley
class in the test area (Figure 4.21 and Figure 4.26). Then the cross-sections in the
maximum curvature direction in that points are shown in Figure 4.22 and Figure
4.27. Afterwards, the hypothesis criteria check the validity of the cross-section. If it
satisfies the criteria, the process continues. If not, other valley points are searched
until no valley remains. For instance, the cross-section in Figure 4.22 is an ideal valid
cross-section since the random valley point is captured from around the middle of a
channel. Nonetheless, the condition is not the same for the cross section in Figure
4.27. The results confirm that by using RANSAC patch geometry of r=1 m and
s=1.5 m and the channel criteria explained in Section 4.2.2.2, most of the channels
in both test areas could be identified correctly. Nonetheless, in Test Area 2, which is
more difficult with denser outliers, one main channel could be extracted entirely,
while the other channel is partly identified.
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To evaluate the performance of the proposed algorithm, the results are compared
with flow-based channels. Hence, the channel extraction result using flow-based
TopoToolBox for Test Area 1 is illustrated in Figure 4.25. It can be seen from the
figure that apart from lots of high accumulation pixels, the narrow channel is not
identified as a channel, and also, some parts of the wide channel are missed.
Likewise, the channel extraction result using flow-based TopoToolBox for Test Area
2 is displayed in Figure 4.30 where it is seen that most of the left channel is detected
but with several false alarms. The parts of detected channel sections in bottom of the
figure might be inaccurate because, unlike the conditions in reality (Google Earth
Figure 4.34), the upstream portion of the two channels (bottom of the figure) seem
to converge.

4.4.3

Test Area 1

Figure 4.21 The valid hypothesis point in red and estimated cross section points in
blue (Test Area 1).
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Figure 4.22 The valid hypothesis cross view with thalweg point in red.

Figure 4.23 First channel tracking in both sides of the valid hypothesis point.
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Figure 4.24 Second channel tracking for second valid hypothesis point.

Figure 4.25 Cannel extraction using D8-based TopoToolBox application for Test
Area 1. Cyan lines are extracted channels.
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4.4.4

Test Area 2

Figure 4.26 The valid hypothesis point in red and estimated cross section points in
blue (Test Area 2).

Figure 4.27 The valid hypothesis cross view with thalweg point in red.
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Figure 4.28 First channel tracking in both sides of the valid hypothesis point.

Figure 4.29 Detected channels in Test Area 2.
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Figure 4.30 Channel extraction using D8-based TopoToolBox application for Test
Area 2. Cyan lines are extracted channels.
4.4.5

Channel capacity

To demonstrate one of the uses of the method, channel capacities are calculated.
Channel numbering for Q flow rate estimation is shown in Figure 4.31 for Test Area
1 and in Figure 4.32 for Test Area 2. Moreover, the Area, Hydraulic radius and Q
values for each channel part in Test Area 1 are shown in Table 4.5 and the
corresponding values for Test Area 2 are given in Table 4.6. It is clear that the flow
rate Q in wider channels like part 2 in Test Area 1 is usually higher than the narrower
ones. In addition, in the conditions that two upstream channels join together like
condition 1 in Test Area 2, the Q value mostly would be greater than the tributary
parts regardless of channel properties. Furthermore, the Q value remains the same
along a channel unless there is no any other joint or division. Using this fact, the
whole channel length could be tracked by connecting separate detected parts with
close Q values and in the same route.
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Figure 4.31 Channel parts result of channel tracking in Test Area1.

Figure 4.32 Channel parts result of channel tracking in Test Area2.
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Table 4.5 Capacity estimation for Test Area 1.

Test Area 1

Area (m2)

R (m)

Q(m3/s)

1

3.87

0.32

1.754

2

53.794

1.974

47.44

Table 4.6 Capacity estimation for Test Area 2.
Test Area 2

Area (m2)

R (m)

Q(m3/s)

1

21.15

0.87

54.39

2

22.56

0.98

37.64

3

14.28

0.7

41.21

4.4.6

Accuracy assessment

To evaluate the accuracy of the channel tracking algorithm, the extracted results are
converted to kml files. In Figure 4.33 and Figure 4.34, the channel results are
overlaid with Google Earth. It can be seen that the location of the results coincides
with the ground truth channels.
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Figure 4.33 Test Area 1 channel results over Google Earth.
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Figure 4.34 Test Area 1 channel results over Google Earth.
Since in Test Area 1, both of the wide and narrow ground truth channels are correctly
detected, and there is not any false alarm, the overall accuracy would be 100% in
this area. In addition, the accuracy of the flow-based method for Test Area 1 would
be 45 detected channel points over (21+70) total channel points, which equals 49%.
Plus, in Test Area 2, the first and second channel sections, which are illustrated in
Figure 4.32, are completely identified. However, the third channel section could be
detected partially. As a result, the confusion matrix is estimated for Test Area 2 in
Table 4.7. The total accuracy in Test Area 2 would be 82%, the detected true channel
cells divided into total channel cells (180+65)/(180+120) *100 %. The accuracy of
the flow-based method for Test Area 2, not considering the false alarms or several
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inaccurately detected channels, would be (138+30)/(180+120)*100%, which equals
56%.
Table 4.7 Confusion matrix for Test Area 2 – Channel No. 3.
Test Area 2 –right channel

True channel

Detected channel

65

Un-detected channel

55

Overall accuracy = 65/120= 54%

4.4.7

Natural vs manmade channel cross-sections

To demonstrate another possible use of the proposed algorithm, cross-sections of
natural and man-made channels are compared.
The axis unit in all the cross-sections is meter.

4.4.7.1

Man-made channel cross-section in Test Area 1

Cross-sections from Channel 1 (Figure 4.31):
In Figure 4.35, Figure 4.36, and Figure 4.37, the cross-sections from channel section
1 (narrow channel) are displayed. It is clear that cross-sections are pretty symmetric,
and the tracking coefficient values (w/d) are estimated from 16.8 to 22.2 with the
variance of around 5. In the Figure 4.35 width of the section in red arrow, both sides
of channel in orange points, and thalweg point in blue arrow are shown.
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Figure 4.35 A cross-section from Test Area 1- Section 1 at cell (7,14). Tracking
coefficient (w/d) = 22.2 (unit-less), thalweg depth= 0.47 m. blue arrow: thalweg,
orange points: channel bankfulls in cross-section, w: channel width

Figure 4.36 A cross-section from Test Area 1- Section 1 at cell (13,15). Tracking
coefficient (w/d) = 18.84 (unit-less), thalweg depth= 0.56 m. blue arrow: thalweg,
orange points: channel bankfulls in cross-section, w: channel width.
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Figure 4.37 A cross-section from Test Area 1- Section 1 at cell (22,16). Tracking
coefficient (w/d) = 16.8 (unit-less), thalweg depth= 0.424 m. blue arrow: thalweg,
orange points: channel bankfulls in cross-section, w: channel width.
Cross-sections from Channel 2 (Figure 4.31):
In Figure 4.38, Figure 4.39, Figure 4.40, and Figure 4.41, the cross-sections from
Channel Section 2 (wide channel) are displayed. It is clear that like Channel Section
1, cross-sections are pretty symmetric, and the variance of tracking coefficient value
(w/d) is estimated around 2. The tracking coefficient values are calculated as 5.9 to
7.56.
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Figure 4.38 A cross section from Test Area 1- Section 2 at cell (48,9). Tracking
coefficient (w/d) = 6.95 (unit-less), thalweg depth= 3.67 m. blue arrow: thalweg,
orange points: channel bankfulls in cross-section, w: channel width.

Figure 4.39 A cross section from Test Area 1- Section 2 at cell (43,39). Tracking
coefficient (w/d) = 7.56 (unit-less), thalweg depth= 3.62 m.
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Figure 4.40 A cross section from Test Area 1- Section 2 at cell (42,49). Tracking
coefficient (w/d) = 6.5 (unit-less), thalweg depth= 3.9 m.

Figure 4.41 A cross section from Test Area 1- Section 2 at cell (39,68). Tracking
coefficient (w/d) = 5.9 (unit-less), thalweg depth= 4 m.
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4.4.7.2

Natural channel cross-sections in Test Area 2

Cross-sections from Channel 1 (Figure 4.32):
In Figure 4.42, Figure 4.43, Figure 4.44, Figure 4.45, Figure 4.46, Figure 4.47,
Figure 4.48, Figure 4.49, and Figure 4.50, the cross-sections from Channel Sections
1 and 2 are given. It can be noted that, unlike the artificial channels in Test Area 1,
natural cross-sections in Test Area 2 are primarily asymmetric, and the tracking
coefficient values (w/d) are estimated in the range of 7.92 to 21.48 with the variance
of around 12. In addition, it seems that in natural channels, the hedges on both sides
of the thalweg points are not clearly elevated like the man-made channels in Test
Area 1.

Figure 4.42 A cross-section from Test Area 2- Section 1 at cell (5,49). Tracking
coefficient (w/d) = 14.79 (unit-less), thalweg depth= 2.23 m. blue arrow: thalweg,
orange points: channel bankfulls in cross-section, w: channel width.
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Figure 4.43 A cross-section from Test Area 2- Section 1 at cell (18,54). Tracking
coefficient (w/d) = 12.34 (unit-less), thalweg depth= 2.55 m.

Figure 4.44 A cross-section from Test Area 2- Section 1 at cell (48,62). Tracking
coefficient (w/d) = 21.48 (unit-less), thalweg depth= 1.47 m. blue arrow: thalweg,
orange points: channel bankfulls in cross-section, w: channel width.
Cross-sections from Channel 2 (Figure 4.32)
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Figure 4.45 A cross-section from Test Area 2- Section 2 at cell (58,56). Tracking
coefficient (w/d) = 20.87 (unit-less), thalweg depth= 1.22 m.

Figure 4.46 A cross-section from Test Area 2- Section 2 at cell (93,44). Tracking
coefficient (w/d) = 10.48 (unit-less), thalweg depth= 1.86 m.
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Figure 4.47 A cross-section from Test Area 2- Section 2 at cell (120,31). Tracking
coefficient (w/d) = 7.92 (unit-less), thalweg depth= 2.84 m.

Figure 4.48 A cross-section from Test Area 2- Section 2 at cell (132,23). Tracking
coefficient (w/d) = 8.18 (unit-less), thalweg depth= 2.57 m.
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Figure 4.49 A cross-section from Test Area 2- Section 2 at cell (146,17). Tracking
coefficient (w/d) = 9.37 (unit-less), thalweg depth= 2.24 m.

Figure 4.50 A cross-section from Test Area 2- Section 2 at cell (169,10). Tracking
coefficient (w/d) = 8.36 (unit-less), thalweg depth= 2.15 m.
4.4.8

Final evaluation

In order to have a final assessment of the proposed algorithm, a more difficult and
larger study area from the channel detection perspective is selected as Test Area 3.
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This area contains a floodplain region near an urban area that is extended diagonally
from NW to SE in a LiDAR tile with the dimension of around 1km*1km. After a
rough outlier removal process using the CFS method of free CloudCompare
application, one level Bezier fitting is performed over the cleaned data to extract the
DTM. The channel tracking result using DTM of Test Area 3 is shown in Figure
4.51. The channel tracking result is overlaid on Google Earth in Figure 4.52. Also,
the flow-based TopoToolBox result is illustrated in Figure 4.53. Despite the
difficulty of the selected region and roughness of the input DTM, the proposed
tracking algorithm could detect most of the channel, that is, 79%, although with
discontinuities and few isolated false alarms. The detected channels in Figure 4.53
shown in cyan confirm that the performance of flow-based methods in low relief
floodplain regions is not so reliable because of so many detected incorrect channels
(false alarms).

Figure 4.51 Test Area 3 channel tracking result. The red points are detected
channel sections.
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Figure 4.52 Test Area 3 channel tracking result over Google Earth.
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Figure 4.53 Cannel extraction using D8-based TopoToolBox application for Test
Area 3. Cyan lines are extracted channels.

In Figure 4.54, the overhead view of cross-sections in Test Area 3 are shown. Some
of the highlighted cross-sections in Figure 4.54 are displayed in Figure 4.55, Figure
4.56, Figure 4.57, Figure 4.58, Figure 4.59, Figure 4.60, Figure 4.61, and Figure
4.62. Tracking coefficient values change from 9 to 65 along the channel,
considerably higher than the corresponding values in Test Area 1 and 2. Also, it can
be seen in the figures that most of the cross-sections are very asymmetric with
unclear shapes and higher thalweg depth and tracking coefficient variations.
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Figure 4.54 Overhead view of cross-sections in Test Area 3.
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Figure 4.55 A cross-section from Test Area 3- at cell (10,94). Tracking coefficient
(w/d) = 26.03 (unit-less), thalweg depth= 0.86 m. blue arrow: thalweg, orange points:
channel bankfulls in cross-section, w: channel width.

Figure 4.56 A cross-section from Test Area 3- at cell (96,157). Tracking coefficient
(w/d) = 16.7 (unit-less), thalweg depth= 2.51 m. blue arrow: thalweg, orange points:
channel bankfulls in cross-section, w: channel width.
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Figure 4.57 A cross-section from Test Area 3- at cell (187,100). Tracking coefficient
(w/d) = 47.36 (unit-less), thalweg depth= 0.41 m. blue arrow: thalweg, orange points:
channel bankfulls in cross-section, w: channel width.

Figure 4.58 A cross-section from Test Area 3- at cell (210,163). Tracking coefficient
(w/d) = 12.64 (unit-less), thalweg depth= 5.34 m. blue arrow: thalweg, orange points:
channel bankfulls in cross-section, w: channel width.
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Figure 4.59 A cross-section from Test Area 3- at cell (325,267). Tracking coefficient
(w/d) = 14.2 (unit-less), thalweg depth= 4.75 m. blue arrow: thalweg, orange points:
channel bankfulls in cross-section, w: channel width.

Figure 4.60 A cross-section from Test Area 3- at cell (465,390). Tracking coefficient
(w/d) = 10.11 (unit-less), thalweg depth= 5.48 m. blue arrow: thalweg, orange points:
channel bankfulls in cross-section, w: channel width.
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Figure 4.61 A cross-section from Test Area 3- at cell (511,446). Tracking coefficient
(w/d) = 13.21 (unit-less), thalweg depth= 4.54 m.

Figure 4.62 A cross-section from Test Area 3- at cell (591,507). Tracking
coefficient (w/d) = 11.37 (unit-less), thalweg depth= 4.1 m.
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CHAPTER 5

5

CONCLUSION

In this chapter, all the thesis findings are summarized and concluded according to
the discussions. Section 5.1 explains a brief summary of the thesis and highlights the
findings. Additionally, some recommendations about future works and possible
enhancements in the thesis field of study are included in Section 5.2.

5.1

Conclusion

This thesis aimed to implement a strategy to identify the potential channel locations
and hence, flow directions, flow rates, and capacity. The selected test areas are
complicated regions like natural and man-made water channels in plains covered
with trees and bushes. As a result, the first aim of this thesis is to automatic ground
point separation from the raw LiDAR points and produce accurate DTMs for the
next steps. For this purpose, LiDAR points were cleaned and filtered while
developing a comprehensive stepwise iterative procedure based on RANSAC and
divide-and-conquer approach. In the literature, several robust patch fitting
algorithms using first and second-order polynomials were applied with different grid
and radius values to eliminate the outliers. To enhance the results more, this thesis
implements a multiple-stage RANSAC-based method. The proposed method used
the quadratic polynomial mathematical model to simulate the earth’s surface. To
approximate the surface, parameters and thresholds related to the number of inliers,
the slope of the fitted surface, residual distance, and the permitted slope and elevation
difference between neighboring fits are wisely defined. The method initially solves
the simplest regions with stricter thresholds is progressing with relaxed thresholds as
the algorithm proceeds to difficult regions. The results of this stage were efficient in
filled regions but suffered from empty regions or the grid cells, which could not be
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filled during the RANSAC iterations due to lack of conditional satisfactions. Hence,
an extra Bézier fitting stage is applied to fill the gaps and smooth the surface in a few
iterations until enough points are added. This stage also includes related thresholds
and controlling parameters related to the surface smoothing factor, control points
distance, and LiDAR points’ distance from the smoothed fit surface. Accuracy of the
cleaned ground points and fitted surfaces are estimated using manually cleaned
ground truth points. The results confirmed that the proposed method works
efficiently in difficult landscapes. Additionally, the Bézier surface output could be
effectively used as a detailed and accurate DTM in many studies.
The second aim of this study is drainage network tracking and detection in
complicated regions. There are some categories related to this purpose: slope/flowbased, curvature/ morphology-based and object-based studies. In this thesis, a natural
and man-made channel tracking algorithm, which is based on the curvature of the
surface, is proposed. Curvature analysis is implemented using the DTM product of
the first stage. In curvature estimations, firstly, quadratic polynomial fit estimations
are performed in a moving window over the DTM. Then using the extracted
coefficients and derivatives, first and second fundamental forms are constructed that
lead to the calculation of principal curvature k1 and k2. Moreover, the geometric
shapes of the surface are defined using the values of k1 and k2. Channel tracking
algorithm proposed in this thesis searches for valleys to find a valid channel crosssection hypothesis which satisfies the criteria. Afterwards, tracking the channel
continues in minimum curvature directions in both sides of the hypothesis until the
cross-section criteria are not satisfied. The results of this stage were compared with
the ground truth channels extracted manually, and the methods were evaluated. The
results proved that the proposed methods work well as long as conditions are
satisfied and suitable thresholds are applied.
The DTM results will trigger further research on terrain extraction using LiDAR
point clouds. The proposed techniques can also be directly used for hydrology or
geomorphology applications. Moreover, the results could be used in surveying,
photogrammetry, geology, 3d surface modeling, etc. In addition, the proposed
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methods for channel tracking could be effectively applied in the environmental
studies, water management, open surface man-made and natural channel monitoring,
or other fields which are related to physical process of the earth.
In the thesis, the following uses of the proposed channel tracking algorithm are also
demonstrated:
-channel capacity estimation.
-branded flow analysis in hydrology and geomorphology.
- distinguishing of man-made channels from natural channels using cross-section
criteria and tracking coefficient (proposed in this thesis).

5.2

Future Works

The LiDAR points used in this thesis are around 8 points/m2. Thus, in the areas that
are densely covered with outliers, the remaining ground points after outlier removal
could not be enough for precise modeling of the surface. As a result, in future studies,
it would be wise to use denser point clouds. In this case, the problem of unfilled
regions in RANSAC iterations might be solved either. However, it must be taken
into account that using high-resolution and denser point clouds requires more
processing time and storage.
Most of the algorithms and procedures are written in the MATLAB environment. It
could be recommended to use more recent programming techniques and libraries that
preferably have the capability to deal with storage and time-consuming high-density
point clouds.
To improve the proposed channel tracking algorithm, the unconnected channel
sections will be merged and the isolated inaccurate channels have to be filtered.
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