




Global distribution of muddy coasts
using a hybrid classi�cation model

An automated method that employs multispectral satellite imagery

and globally available coastal datasets

by

Romy Hulskamp

Student number: 4309928
romyhulskamp@gmail.com j +31634433401

MSc student Civil Engineering
Specialization in Geosciences and Remote Sensing

to obtain the degree of

Master of Science
in Civil Engineering

at the Delft University of Technology,
to be defended publicly on Tuesday December 7, 2021 at 13:00.

Thesis committee: Prof. Dr. Ir. S.G.J. Aarninkhof, TU Delft
Dr. Ir. A.P. Luijendijk, TU Delft / Deltares
Dr. Ir. A. Moreno-Rodenas, Deltares
Dr. Ir. S.L.M. Lhermitte, TU Delft

An electronic version of this thesis is available at http://repository.tudelft.nl/.

Cover: Landsat 4 TM image of Yellow River Delta, China, February 13, 1989
©Earth Observatory j NASA

December 7, 2021

i

http://repository.tudelft.nl/


Summary

The coastal area provides important services such as valuable habitats for wildlife, resources for regional
development, and bu�er zones for the land against natural disasters such as storm surges. But these narrow
coastal areas experience pressure from both land and ocean side. In order to regulate sustainable coastal
development, protect coastal areas from natural forces, implement ecosystem protection strategies and mit-
igate the impacts of climate change on coastlines, it is crucial to observe and quantify the changes along
coastlines that are vulnerable to these pressures. Among the various coastal environments, the focus of this
master thesis is on muddy coasts. A muddy coast is de�ned as a coastal depositional environment that is
usually formed along an unsheltered coastline exposed to low energy conditions and that consists mainly of
�ne sediments, which are smaller than 63�m in diameter.

So far, few methods have been developed to detect sandy coasts and the rate of change of sandy coastlines
on a global scale, but little is known about the detection and behaviour of muddy coasts. The main objective
of this thesis is to develop an automated classi�cation method to identify muddy coasts along all the coastlines
of the world. The main objective can be translated into the following research question:\How can a reliable
global mud classi�cation be obtained by analysing the characteristics of muddy coasts using publicly available
satellite remote sensing techniques and globally available coastal datasets?". To obtain a reliable global mud
classi�cation, a method based on the spectral properties of individual mud patches and on the physical
geographical characteristics of muddy coasts is proposed.

The spectral properties of individual mud patches are studied at pixel level using multispectral satellite
images; a multispectral image classi�cation model is developed based on the spectral properties of individual
mud patches at pixel level, that are studied with satellite images. 7500 training points are used to train
a global image classi�cation model, that is able to classify each pixel of a multispectral image into seven
coastal classes (sand, mud, water, turbid water, vegetation, dry vegetation and other). This model showed
high performance, where more than 90 percent of the validation points were classi�ed correctly. 92 percent
of the muddy training points were actually recognised as mud by the global image classi�er. However,
the multispectral image classi�cation also showed some misclassi�cations and uncertainties. Therefore, the
physical geographical characteristics of a muddy coastal system are studied as well using globally available
coastal datasets, in order to increase the probability of correctly classifying a muddy coast at global scale.
Seven globally available coastal datasets are explored, from which ten variables are extracted: maximum
height, variance of height, latitude, absolute latitude, maximum temperature of warmest month, minimum
temperature of coldest month, mangrove occurrence, width of tidal 
at, width of transition zone and tidal
range. The information from the multispectral images and the information from the coastal datasets are used
as the input the development of three coastal transect classi�cation models: (1) the multispectral model,
using only the information from the multispectral image classi�cation; (2) the coastal model, using only the
information from the globally available coastal datasets; (3) the hybrid model, using both the information
provided by the multispectral image classi�cation and the information collected from the available global
coastal datasets as input, in order to obtain a more reliable and robust classi�cation model that can detect
muddy coasts at global scale.

The global coastline is de�ned by circa 1:8 million transects that measure 1500m in length perpendicular
to the coastline with a spacing of 200m to 450m. 1868 training transects were labelled and used to train
the three coastal transect classi�cation models, which are able to classify all global coastlines into �ve
coastal types: plain beaches, muddy coasts, coastal cli�s, vegetated coasts and other. A model performance
assessment showed that the best performing model for the classi�cation of the coastal type of the global
coastline is the hybrid model. This global transect classi�cation model uses a total of seventeen coastal
features. The six most important features are the occurrence of mud, water and sand pixels along the
transect provided by the multispectral image classi�cation model; and the maximum height, height variance
and width of transition zone of the transect collected from the coastal datasets. The hybrid model assigned 76
percent of the transects into the correct coastal type. 85 percent of the muddy coasts are correctly recognised
by the hybrid classi�cation model. The accuracy of the hybrid model is still increasing signi�cantly, meaning
that the model could perform even better if more training transects were added to train the model. The
large amount of training and validation data at both pixel and transect level resulted in a reliable and robust
global mud classi�cation model. With the addition of the coastal datasets, the model performs better than
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when only the multispectral satellite images are used for the classi�cation of muddy coasts.

The hybrid classi�cation model is used to classify all the global coastal transects. This automated model
�rstly applies the pixel based image classi�cation to the one year composite multispectral image around the
transect; secondly, extracts the information of the ten coastal variables from the globally available coastal
datasets along the transect; thirdly, analyses the obtained data from the transect and classi�es the transect
into the coastal type that best matches the observed coastal characteristics of the transect. This automated
mud classi�cation model classi�ed nearly 100000 transects randomly spread over the globe from which 12%
are classi�ed as muddy coasts; 60% of the classi�ed muddy coasts are located in the tropics.
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1 INTRODUCTION

1 Introduction

The coastal area is de�ned as the transition between the continents and the oceans. It spans the land, which
is a�ected by its proximity to the ocean, and the ocean, which is a�ected by its proximity to the land.
The highly dynamic and energetic environment of the coastal area causes the shape of the coast to change
constantly. This is called coastal morphodynamics (Bosboom and Stive, 2015).

The coastal area provides important services such as valuable habitats for wildlife, resources for regional
development, and bu�er zones for the land against natural disasters such as storm surges (Wang et al., 2019).
But these narrow coastal areas also experience pressure from both land and ocean sides. On the land side,
the coastal area is under pressure due to the increasing human population. The global human population is
growing and currently counts more than 7:8 billion people1. The coastal area has always attracted people
because of its rich opportunities for, among others, habitation, (marine) food production, marine trade and
transport, and recreation. A trend of coastal migration is observed; coastal areas have a signi�cantly higher
population density than non-coastal areas (Neumann et al., 2015) and are among the most densely populated
and developed land areas in the world (Small and Nicholls, 2003). On the ocean side, the pressure of rising
sea levels, coastal erosion, more severe storms and subsidence will lead to increasing risks. Recent increases
in mean wave energy, extreme coastal wave energy and oceanic wind speeds, combined with rising sea levels,
suggest that coastal areas will be exposed to increasing hazards in the coming decades (Li et al., 2018).
In order to regulate sustainable coastal development, protect coastal areas from natural forces, implement
ecosystem protection strategies and mitigate the e�ects of climate change on coastlines, it is crucial to observe
and quantify the changes along coastlines that are vulnerable to the pressure from land and ocean.

Among the di�erent coastal environments, this thesis focuses on muddy coasts. A muddy coast is de�ned
as a coastal depositional environment consisting primarily of �ne sediments, less than 63�m in diameter,
formed along an unprotected coastline exposed to low energy conditions (Healy et al., 2002). These coastal
environments are usually associated with rivers characterised by large sediment discharges, such as the
Amazon River, the Mississippi River and several Asian rivers. The continuous and abundant supply of
�ne sediment is a prerequisite for the formation of a muddy open coast, while interaction of tides and
waves modulate the shape and extent of intertidal areas (Orseau et al., 2020). Muddy coasts are important
coastal systems that have a close relationship with salt marshes and mangroves, create important coastal
ecosystems, o�er habitats for organisms, provide food production for people's livelihoods and form a natural
coastal defence against storms (Murray et al., 2019). This makes muddy coasts very important elements in
coastal ecosystems in several aspects including ecological, social and economic.

So far, few methods have been developed to track sandy coasts and the rate of change of sandy coastlines
on a global scale (Luijendijk et al. (2018), Mentaschi et al. (2018), Vos et al. (2020)). Figure 1 shows a map
of the global distribution of sandy coastlines based on multispectral satellite images made by Luijendijk et al.
(2018), with yellow indicating sand and dark brown indicating non-sand. However, little is known about the
detection and behaviour of muddy coastlines. Monitoring the morphodynamics of muddy coasts is essential
for a better understanding of the evolution of coastal systems (Salameh et al., 2019), for environmental
protection, for resource management and for sustainable development of coastal areas (Wang et al., 2019).
A brief summary of relevant studies is provided below. Ryu et al. (2002) attempted to determine the waterline
of tidal 
ats in Gomso Bay, Korea, using multispectral Landsat TM data. Liu and Jezek (2004) developed an
automated model for coastline extraction by integrating Canny edge detection and locally adaptive threshold
methods. A characterisation of surface roughness and sediment texture of tidal 
ats in the Netherlands using
SAR imagery was carried out by Van Der Wal et al. (2005). In another study by van der Wal and Herman
(2007), a method for monitoring the grain size of sediments from tidal 
ats in the Western Scheldt was
developed, using information from both SAR and multispectral remote sensing techniques. In \The state
of the World's beaches", Luijendijk et al. (2018) presents a global assessment of the occurrence of sandy
beaches and the rate of change of the coastline. Murray et al. (2019) made the �rst analysis of the global
distribution and change of tidal 
ats. Vos et al. (2019) has created an open-source software toolkit that
allows the user to obtain time series of the position of the coastline on any sandy coastline worldwide from
publicly available satellite images. In another paper, Vos et al. (2020) proposes a new approach to estimate

1https://www.worldometers.info/
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1 INTRODUCTION

the slope of the beach based on time series of satellite-derived coastline positions. Recently, de Vries et al.
(2021) developed a data-driven approach to analyse di�use boundaries of mud banks by unmixing the pixels
of water and mud from individual Landsat images.

Figure 1: Global distribution of sandy coastlines; the coloured dots along the world's coastline represent the local percentage
of sandy coastlines (yellow is sand, dark brown is non-sand). The subplot on the right shows the relative occurrence of sandy
coastlines by latitude, with the dashed line representing the latitudinal distribution of sandy coastlines reported by Hayes
(1967). The lower subplot shows the relative occurrence of sandy coastlines by longitude. The curved grey dashed lines in the
main plot indicate the boundaries of the ice-free coastlines considered in this analysis. The underlined percentages indicate the
percentages of sandy coastlines averaged per continent. From Luijendijk et al. (2018).

Among the current knowledge and methods of mud detection, no global assessment to detect muddy
coasts and their erosion and accretion rates has been made so far. Sandy beaches have been classi�ed, tidal

at trajectories have been identi�ed and mud in suspension can be detected. Yet, muddy coasts have not
been identi�ed at global level. This thesis focuses on the knowledge gap on muddy coasts and will try to
provide a reliable mud classi�cation model that can detect muddy coasts at global level.

1.1 Problem statement

Although several studies have been carried out on the classi�cation of muddy coasts on a local scale, often
veri�ed by �eld measurements, no study has yet been conducted on the global classi�cation of muddy coasts.
Muddy coasts have important economic, social and ecological functions. Muddy coasts can develop valuable
ecosystems, which not only provide a habitat for wildlife, but also o�er resources for regional development
and a natural defence of the land against severe storms. The increasing pressure on the coasts from both
the land side, due to the ever-growing human population, and from the ocean side, due to coastal erosion
and climate change, makes it important to monitor the valuable muddy coasts and their coastal dynamics.

1.2 Objectives

The main objective of this thesis is to develop an automated classi�cation method that can identify muddy
coasts along all coastlines of the world. The focus of this work will be on distinguishing muddy coasts from
other coastal features and from other types of sediment found on the coast (such as sand, rocks, corals,
etcetera). Figure 2 illustrates an example of a coastal environment. The features water, turbid water, mud,
sand and vegetation are present. The main objective of this thesis is to distinguish mud from sand by
developing and applying an automated classi�cation method that is applicable globally. For example, if
muddy pixels are recognised on a cross section of the coast (the left vertical red dashed line in Figure 2),

2



1 INTRODUCTION

this part of the coast can be classi�ed as muddy. If the classi�cation method is successful on local scale, a
�nal goal of this thesis is to present a global map of the occurrence of muddy coastlines.

Figure 2: Conceptual sketch of the distinction between mud and other sediments, such as sand, using cross-shore transects.
A cross-shore transect where muddy sediments are detected could indicate a muddy coast (left), a cross-shore transect where
sandy sediments are detected could indicate a sandy coast (right).

1.3 Research question

The main objective, the development of an automated classi�cation method that can identify muddy coasts at
global scale, can be translated into the following research question and breaks down into four sub-questions,
which will serve as a guide in answering the main question.

How can a reliable global mud classi�cation be obtained by analysing the
characteristics of muddy coasts using publicly available satellite remote sensing

techniques and globally available coastal datasets?

1. To what extent can mud be distinguished from other coastal features by the use of publicly and globally
available multispectral satellite images?

2. How representative are locally trained image classi�cation methods when applied at global scale?

3. What is the added value of adding globally available coastal datasets in distinguishing mud from other
coastal features?

4. What is the global distribution of muddy coasts?

3
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