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Abstract 
 
A novel Artificial Intelligence (AI) method based on Earth Observation (EO) data, for the 
identification of physical changes along the Swedish coast, especially physical constructions, such as 
piers and jetties is introduced. Using Sentinel-2 data in an Open DataCube (ODC) environment, we 
first detect the coastline using advanced convolutional (U-Net) models, then we detect the rate of 
change (and whether the change is permanent or temporary), lastly, we detect small constructions 
along the shoreline. Using Bayesian statistical inference, we are able to study time series and discern 
between temporary changes or noise, and permanent changes. The long-term goal is to transform the 
methodology into a permanent monitoring service that can help municipalities to combat 
environmental crime, for example to identify illegal dredging and excavation activities affecting the 
marine environment and ecosystem. In addition, there is an added value of a Copernicus-based tool 
for municipalities and regions. This will support marine coastal planning regarding the dynamics of 
the coastal zone and show the robustness of AI-based technology for coastal and marine research. 
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1- Introduction 

The pilot project is part of the Framework Program of Copernicus User Uptake (FPCUP) aiming at 
increased user uptake of Copernicus data and services for innovation and public benefit. The pilot 
project is based on the stakeholders need for data for local and regional coastal planning, as identified 
within the Swedish user group for Copernicus user uptake and specified during a workshop in May 
2020. 

An AI application will be developed to detect the rate of change in coastline (permanent or 
temporary). The goal is to support marine and terrestrial planning regarding the dynamics of the 
coastal zone. 

The project will be carried out in collaboration with Research Institutes of Sweden (RISE) and Luleå 
University of Technology (LTU) and will be an innovative action that will give authorities a robust 
tool to have the control of the coastal environmental activities. 

2- Marine spatial planning 

In marine waters, ecosystems and marine resources are subject to significant pressures. Human 
activities, but also climate change effects, natural hazards and shoreline dynamics such as erosion 
and accretion, can have severe impacts on coastal economic development and growth, as well as on 
marine ecosystems, leading to deterioration of environmental status, loss of biodiversity and 
degradation of ecosystem services. Due regard should be had to these various pressures in the 
establishment of maritime spatial plans. Moreover, healthy marine ecosystems and their multiple 
services, if integrated in planning decisions, can deliver substantial benefits in terms of food 
production, recreation and tourism, climate change mitigation and adaptation, shoreline dynamics 
control and disaster prevention. 

Marine and coastal activities are often closely interrelated. In order to promote the sustainable use of 
maritime space, maritime spatial planning should take into account land-sea interactions. For this 
reason, maritime spatial planning can play a very useful role in determining orientations related to 
sustainable and integrated management of human activities at sea, preservation of the living 
environment, the fragility of coastal ecosystems, erosion and social and economic factors. Maritime 
spatial planning should aim to integrate the maritime dimension of some coastal uses or activities and 
their impacts and ultimately allow an integrated and strategic vision. 

Maritime spatial planning will contribute to the effective management of marine activities and the 
sustainable use of marine and coastal resources, by creating a framework for consistent, transparent, 
sustainable and evidence based decision-making.  
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3- Objectives 

The objective of the ‘‘Piloting downstream applications and services of relevance to Coastal 
Management at local and regional level’’ project is to develop a novel EO-based method to identify 
physical changes along the Swedish coast, especially physical constructions at the shoreline with the 
help of trained AI models and methods. In the long term the developed methods could be 
operationalized and used in a coastal monitoring system, giving up to date information on human 
exploitation of the coastal environment. 

A secondary focus of the pilot is to examine the viability of using low-resolution (10 meter by 10 
meter) Sentinel-2 data for the detection of constructions in the area of Interest (e.g., in the proximity 
of the detected shoreline). This would be of great value in areas with low update rates of aerial 
photography. 

4- Methods 
First, the coastline detection is studied using AI methods, then the change detection in the coastline 
is presented using AI models and finally the detection of constructions within the areas of interest 
(AOIs) using classification with e-learning machine is presented. 
 

- Coastline detection (< 300 meter around the coastline)  
Detecting in the area of interest (AOI) all kind of coastlines (open sandy coast, rocky, patchy gravelly 
shallow waters, deep, wooded archipelago, vegetated, …),  
 

-  Change detection in the coastline. The detection of rate of change (permanent or 
temporary). 
 

- Detection of constructions within the AOIs.  
Here after is a list of examples of constructions of interest 
    • Marina, Jetty, Pier: a construction that reaches out into the water for the purpose of mooring 
smaller vessels. Can also be used for swimming, etc. 
    • Fender: a construction built along wharves to protect and cushion vessels. 
    • Pile fendering: a construction built along bridge pilings to protect and cushion against passing 
vessels. 
    • Breakwater: a construction to protect harbors and anchoring areas from waves. 
    • Dolphin (Dykdalb): a mooring construction fixed to the bottom and made up of grouped pilings 
or concrete. 
 
4-1 Areas of interest (AOIs) 
 
To start with a preliminary study focused on the rate of change along the coastline, 10 areas of interest 
were manually selected in the region of Stockholm. The areas had to fulfill these requirements:  
- Squared areas of 2km by 2km 
- Be on the coastline 
- Have constructions or marinas 
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The figure 1 below shows the location of nine of the ten areas of interest. They were located in the 
municipalities of Österåker, Haninge, Tyresö, Nacka, Lidingö, and Vaxholm.  
 
 
 
 
 
 

Fig.1:  Selected areas of interest (AOI), located in the municipalities of Österåker, Haninge, Tyresö, 
Nacka, Lidingö, and Vaxholm.  
 
 
The tenth area was located further south, in Nynashamn municipality. It can be seen in the figure 2 
below that the area falls clearly on the coastline and there is a marina inside.  
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Fig.2: Tenth area of interest in Nynashamn municipality. 
 

4-2 Coastline detection 
 

4-2-1 Dataset Construction 
For machine learning algorithms, the amount of data is a paramount factor for success. Hence the 
areas considered need to be expanded, at the very least for training purposes. The labels were created 
using data from the project Nationell Strandlinje (NSL), whereas the Sentinel-2 images were provided 
through the Swedish Space Data Lab platform. The Data Sources, along with the steps taken to ensure 
the quality of the extended dataset, are explained in more detail below. 
 
NSL - GSD Fastighetskartan vektor 
The work of mapping Swedish coastlines started in 2005 in a collaboration between the Swedish 
Maritime Administration and Lantmäteriet, with the goal of mapping all coastlines where professional 
shipping is carried out (Sjöfartsverket, Lantmäteriet). In 2019 this was achieved, making the project 
instead focus on adjournment and maintenance of the mapping. The mappings are done by 
stereophotogrammetrics of aerial photos and are being adjourned at least each third year.  
The objects considered for the creation of Labels were the ML and MV objects. The ML object 
consists of a dataset containing Line Strings of the shoreline’s position formatted in epsg:3007 for a 
certain area. Among others, they also include the date of the latest update for each Line String. The 
MV objects use Polygons instead to describe the position of Water objects. A manual for the objects 
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is available at Lantmäteriet  (Lantmäteriet, Produktbeskrivning). In newer versions the naming of the 
objects could be changed in manuals and databases.    
(Lantmäteriet: the Swedish mapping, cadastral and land registration authority Ground-truth). 
Sjöfartsverket: Swedish maritime administration). 
 
(Sjöfartsverket) Sjöfartsverket, Nationell strandlinje,  
https://www.sjofartsverket.se/sv/tjanster/sjokortsprodukter/kopa-sjokort2/sjokort/nationell-strandlinje/, 
Accessed at 14/9/2021 
 
(Ref Lantmäteriet])Lantmäteriet, Nationell strandlinje,  
https://www.lantmateriet.se/sv/Om-Lantmateriet/Samverkan-med-andra/Nationell-strandlinje/, 
Accessed at 14/9/2021 
 
(Lantmäteriet, Produktbeskrivning) Lantmäteriet, Produktbeskrivning, GSD-Fastighetskartan vektor, 
Document Version: 7.5.8 
https://www.lantmateriet.se/globalassets/kartor-och-geografisk-information/kartor/fastshmi.pdf 
 
Sentinel-2 Data  
The Satellite data used comes from the Sentinel-2 satellite, which is downloaded and stored in the 
ICE RISE facilities in Luleå, ready to be used through the Swedish Space Data Lab platform presented 
as a JupyterLab interface. The data is accessed using the Python library “datacube” whose 
development was initiated by the Open Data Cube (ODC) initiative. 
The Satellite data available was limited to the duration between May 2018 - October 2020 and to the 
level 2a products (See 5.2) 
 
Area Pruning 
For this project only the shorelines in the area of Halland, Skåne, Västra Götaland, Norrbotten and 
Stockholm were considered. As the NSL-products are divided into categories of counties and sub-
categories of larger areas, all counties except those mentioned were entirely discarded. Furthermore, 
this enabled sub-categories to be discarded based on not being connected to the sea. 
Still, to avoid having multiple images consisting of only land or sea pixels (no shoreline), the locations 
considered were preconditioned to have at least 600m of shoreline in the image boundaries. However, 
as the shoreline labels are not only restricted to coastlines, but some images also contain narrow 
streams resulting in some almost purely land images. To avoid small inland lakes, the MV was used 
to ensure that each image was connected to the largest body of water. This solution did not entirely 
remove inland lakes but removed most. 
 
Date Selection 
Due to the nature of coastlines changing, the Sentinel data should be as close as possible to the time 
the coastline was updated in the labels. As the last update could signal when the last change in 
shoreline location was, Sentinel-2 data prior to the last label update was removed. Otherwise, the first 
available dates that were in the same 15-day period were considered. As an example, if the latest area-
label update is on 14-6-2015 I would consider the first available date, namely the period of 14-6-2018 
to 29-6-2018. Furthermore, for the areas in Norrland all dates in the time period of November to April 
were ignored due to the high risk of ice and snow. 
 
 
 

https://www.sjofartsverket.se/sv/tjanster/sjokortsprodukter/kopa-sjokort2/sjokort/nationell-strandlinje/
https://www.lantmateriet.se/sv/Om-Lantmateriet/Samverkan-med-andra/Nationell-strandlinje/
https://www.lantmateriet.se/globalassets/kartor-och-geografisk-information/kartor/fastshmi.pdf
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Band Pruning 
To reduce data-load, not all bands available in the Sentinel product were used. All bands at the 10m 
resolution were included, that is B02_10m (blue), B03_10m (green), B04_10m (red) and B08_10m 
(NIR). From the 20m bands only the SWIR band, B11_20m, was chosen as it has successfully been 
used for the MNDWI. The SCL band is also included but is only used in the next step. 
  
Image Pruning 
The Sentinel data comes with a preprocessed band called SCL, where the image has been annotated 
with various labels, in particular Water, Land and Clouds. The classification is made using a 
decision-tree like algorithm, using amongst others the Normalized Difference Snow Index (NDSI) 
and the Normalized Difference Vegetation Index (NDVI) as filters [ref SCL algorithm]. 
This band was used primarily as a means to discard images with high-cloud densities. Afterwards a 
manual pruning was performed, checking both labels and images. The labels needed to correspond 
to the downloaded images in terms of visually sharing the coastlines. The images needed to be 
mostly cloud-free and be complete, that is, have no missing entries. 
(SCL algorithm) The european space agency, Sentinel Online, Level-2A Algorithm Overview, 
https://sentinels.copernicus.eu/web/sentinel/technical-guides/sentinel-2-msi/level-2a/algorithm, 
accessed 14-9-2021 
Image Size 
The images were downloaded as a Data Array for each area covering 3km x 3km, resulting in an 
image size of 300 x 300. The images from different days of the same area are downloaded in the 
same array, given that they passed the image pruning. The Data Array also has the pixel coordinates 
in EPSG:3006 stored. 
In total, the created dataset consists of 1460 areas, where the amount of images varies. Of these, 78 
were set aside for testing purposes.    

 
Figure 3: Samples from the created testset. 

https://sentinels.copernicus.eu/web/sentinel/technical-guides/sentinel-2-msi/level-2a/algorithm
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4-2-2 Handcrafted Automatic Extraction 
 

   
 

Equation 1: Normalized Difference Water Index, (McFeeters 1996) 
 
 
A simple, although still often used method is applying thresholding to the Normalized Difference 
Water Index (NDWI) (Equation 1) to segment the image into Water and non-water (Yasir et al., 
2020). 
As this segmentation is prone to noise, usually an edge detector is used in combination, like the 
Canny Edge Detection algorithm (Canny, 1986). This algorithm first smooths the image by 
applying a gaussian filter to reduce noise, after which it applies edge detection operators (Roberts, 
Prewitt or Sobel) to determine the gradient and direction of edges. Thereafter, the edges are thinned. 
This is done by picking the strongest gradient of one pixel along the normal of the edge, which is 
the direction of the gradient. Usually, the directions considered are rounded to be horizontal, 
vertical, diagonal and anti-diagonal, that is 0, 45, 90 and 135 degrees. The edge pixels are divided 
by two thresholds, one high and one low. If a pixel is higher than the high threshold, it is marked as 
a strong edge pixel. If it is lower than the low threshold, it is being suppressed. Otherwise it will be 
denoted as a weak-edge pixel. Finally, the weak edges are either suppressed or made into an edge. 
This can be done by considering all strong edge pixels as edges, and iteratively checking if the weak 
edges are 8-connected to any other edge. If so, the weak edge is turned into an edge.  
The Canny Edge Detection algorithm is implemented in multiple languages. In python it is 
implemented in scipy under skimage.feature.canny (Skimage, Canny), which uses the Sobel 
operator. 
 (https://scikit-image.org/docs/dev/api/skimage.feature.html#skimage.feature.canny, Accessed at 
14/9/2021). 
 
 4-2-3 Evaluation Metrics 
For the evaluation of the image segmentation, I have chosen the ones being most prevalent in 
literature. That is, Intersection over Union (IoU) and F1-score with precision and recall. For land-
sea segmentation purposes, Water has been defined as Positive (1) and Land as Negative (0). For 
Coastline extraction, the coastline is considered as Positive (1), whereas Negative (0) is non-
coastline. 
Intersection over Union 
Like the name suggests, it is the intersection where the positive prediction coincides with the label, 
divided by the Union of positive predictions and positive labels. It is generally a good measure for 
overlap between two masks. 
 
 
 

https://scikit-image.org/docs/dev/api/skimage.feature.html#skimage.feature.canny
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Precision 
Precision can be understood as the accuracy of positive predictions. That is, out of all predicted 
positives, how many are actually positive. 
Recall 
Recall is instead the accuracy in predicting positive labels. It is a measure on how many positive 
labels are being catched.  
F1-score 
The F1-score is a combination of the two metrics of precision and recall and aims to find a balance 
between them.  
Distance  
The Distance metric will denote the mean Euclidean distance from each shoreline label pixel towards the 
closest predicted shoreline pixel, in terms of pixels. A maximum distance has been set to 30 pixels, which 
corresponds to 300m, to not let a small lake or stream throw off the results all too much. 
 
 
 
 
 
 
 
 
 
 
 
 
  

4-2-4 Methods 
 

Optimizing NDWI Canny extraction method 
 
Loss Functions  
The main loss functions used were the Binary Cross Entropy (BCE) Loss and Dice Loss. The BCE 
is a special case of the Cross Entropy Loss function, where only 1 class exists, and the rest is 
background.  
 

 
 
 
 
The Dice Loss Function is built upon the Sørensen–Dice coefficient, a F1-oriented statistic. As 
such, it is mainly used when class imbalances exist, which is often the case for edge extraction. 
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Training 
For the training of the neural networks, the images were normalized and were cropped to 288x288 
pixels. The images were also randomly flipped horizontally and vertically to artificially gain more 
training samples.  
Before the training, a validation set consisting of 10% of the training set is randomly set aside. This 
is used for model selection by considering the (IoU) metric and for training supervision. The batch 
size was set between 4 and 16, depending on what the model allowed. The Optimizer employed was 
SGD, where the learning rate was reduced at set intervals. The training was interrupted after 80 
epochs. 
 
 

4-2-5 Results 
The Results for the different models based on segmentation are shown in table 1. We can see that 
the Unet achieves an F1-score of 0.939. This result is expected, as the UNet has the capability of 
learning complex functions. Hence, the UNet could learn a thresholding of the NDWI and base the 
learning on that (Fig.4 and Fig.5).  
 

 
The Results for Coastline extraction are shown in table 2. These results are a bit more surprising, as 
the NDWI + Canny method outperforms the UNet method. As the Canny method uses filters, it is 
surprising that the UNet is not able to similarly learn them as well. A reason this could happen might 
be noise in the training set. This noise can manifest as clouds obscuring the shoreline but may also 
come from noisy labels. For the land-sea segmentation, the label distribution was pretty much even. 
Clouds and label noise could therefore not be as effectful there, as they consist of a small part of the 
whole image. For shoreline detection, class imbalance is much more impactful, and faulty labels will 
be much more prevalent in the shoreline position class than anywhere else. 
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Figure 4: Right column shows the Nir Band of Images, the Middle 
shows the predicted segmentation from NDWI thresholding while the 
left shows the true label. 
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Detection 

 
 

  
 
 
4-3 Change detection in the coastline 
 

4-3-1 Methods 
 
In order to study the rate of change on the coastlines, identify any changes and then classify them into 
permanent or temporary, the study of time series has been the main focus. A change is an act or 
process through which something becomes different, so it implies a comparison, a before and an after, 
thus the time series analysis. 
 
The data used was from the Sentinel-2 satellite which is downloaded and stored in the ICE RISE 
facilities in Luleå, ready to be used through the Swedish Space Data Lab platform presented as a 
JupyterLab interface. The data is accessed using the Python library “datacube” whose development 
was initiated by the Open Data Cube (ODC) initiative.  

Figure 5: Right column shows the Nir Band of Images, the Middle shows the 
predicted segmentation of the UNet while the left shows the true label. 
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SCL band 
 
The data used from Sentinel-2 was level 2A data which has had some atmospheric corrections. The 
European Space Agency provides level 2A data and some extra bands. Among those extra bands there 
is the so called SCL band which is a Scene Classification Layer with 12 different classes: 0 for no 
data, 1 for saturated or defective pixels, 2 for dark area pixels, 3 for cloud shadows, 4 for vegetation, 
5 for not vegetated pixels, 6 for water, 7 for unclassified pixels, 8 and 9 for medium and high 
probability of cloud respectively, 10 for thin cirrus, and 11 for snow. The SCL band has been used in 
many occasions for this study. 
 
Data preprocessing 
 
In order to study some preliminary time series, data of the 10 areas of interest during June 2020 was 
loaded from the datacube and stored as netcdf files which allow quicker access to the data while 
developing the analysis. The data stored for each area can be seen as a cube of data with x and y 
coordinates defined by the area of interest, and the third dimension of the cube being the time.  
 
When loading data for different dates, it can happen that some days are cloudy and therefore that data 
needs to be discarded from the analysis. This filtering of clouds has been done using the SCL 
classification band, applying a threshold of 80%. That means if more than 80% of the pixels in an 
image were classified as not valid for analysis, then the image was discarded. Among the 12 different 
classes the SCL provides, only the classes vegetation (4), non vegetated (5), and water (6) were 
considered valid pixels for analysis.  
 
Pixel alignment 
 
It could happen that when looking at time series, from day to day there is a slight misalignment 
between pixels. That is, the same coordinate, for example the corner of a building, falls into one pixel 
one day, but the next day the satellite has moved a little bit, and it falls in the pixel next to where it 
was the previous day.  
 

 
The image shows a misalignment for the point A at the time “t+1”, when the area was shifted one 
pixel downwards. The method studied in this pilot project considered that the area studied is small 
enough so that any pixel displacement will happen in a linear way for the entire area of interest. That 
leaves 9 possible displacements between two days in a time series that are described in the following 
matrix according to “x” and “y” shifts (xshift, yshift):  
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The method developed to correct this problem works by taking one day as a reference day and 
comparing all bands with all possible shifts, and then select the shift with the highest score or 
similarity. These scores can be used as input in the particle filter (Method 2 and 3) in future work.  
 
4-3-1-1 Model 1: Mechanistic time series 
 
The first approach considered was named mechanistic time series. The data used was from the SCL 
classification band. From the 12 different classes that the band identifies, a simplified SCL 
classification was created. That simplified classification used the class “Water” (6) as “Water” (0), 
“Vegetated” (4) combined with “Non vegetated” (5) to create the class “Land” (1), and the rest of 
classes were combined into the “NaN” class (2). The goal with this method was to find a predicted 
value for pixels that had no valid observation (“Nan” class), like the red pixel represented in the image 
below.  

 
As shown in the image, the method identifies pixels from class 2 (red), and for each time stamp checks 
if that same pixel has a valid value for “t-1”. If it finds a valid value, it copies the value at “t+0”, thus 
creating its prediction for “t+0”. In the case that “t-1” does not have a valid value, it checks “t-2”, 
then “t+1”, and last “t+2”. It stops when a valid value is found but it could be the case that a pixel 
has no valid value in the entire time series. In that case, the pixel is left as a “NaN” class.  
 
4-3-1-2 Hiden Markov model with discrete observations 
 
A Hidden Markov Model (HMM) is a statistical Markov model in which the system being modeled 
is assumed to be a Markov process with unobservable hidden states. A Markov process is a stochastic 
model describing a sequence of possible events in which the probability of each event depends only 
on the state attained in the previous event. The goal in the HMM is to learn about the hidden states 
“X” by observing another process “Y” whose behavior depends on “X”.  
 
In this particular case the true states “X”  modeled have been “Water” (0) or “Land” (1), and the 
observations come from the SCL classification band: “Water” can be observed directly as a SCL 
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class, the second class represents “Land” and it is observed through the classes “vegetation” and “non 
vegetated”. The rest of classes of the SCL band are grouped together in a “NaN” class. Therefore the 
observations “Y” can be three: “Water” (0), “Vegetated/Non vegetated” (1), and “NaN” (2).  The 
image below represents the Hidden Markov Model used for the particle filter which is going to be 
described next.  

 
 
4-3-1-3 Model 2: Particle filter with discrete observations 
 
The filtering problem consists of estimating the internal states in dynamical systems when partial 
observations are made, and random perturbations are present in the sensors as well as in the dynamical 
system. The objective is to compute the posterior distributions of the states of some Markov process, 
given some noisy and partial observations. 
 
In this particular case, assuming that the observations are noisy, the particle filter will estimate the 
posterior distribution and most likely time series path. That means, selecting a single pixel and 
applying the particle filter, it is possible to discern between random and permanent changes. See the 
images below as an example, the blue stars represent binary observations (0) is water and (1) is land. 
The green and black dashed lines are the mean and median paths obtained with the particle filter. It 
is possible to appreciate how a) has some random changes or maybe noise (three blue stars at (1) for 
the times 3, 5, and 10), nevertheless the mean and median paths of the particle filter decide that those 
are not likely states and that the true state was water. In the other image b), a permanent change 
occurs: the state changes from water to land for time 4, and the particle filter detects it as a likely 
path.  
 
 
The figure 6 (a,b) and the figure 7 (a,b,c) below corresponds to a particle filter applied to single pixel 
time series, but the hidden Markov model is not the one shown in the previous image. They 
correspond to a more simplified model that only considered binary observations of Water (0) or 



15 
 

Vegetated/Non vegetated (1), ignoring the last class of not observed pixels (or NaN, corresponding 
to all the rest of SCL classes). In the particular case used for Model 2, the observations (blue stars) 
and the prediction of the particle filter (black dashed line) could oscillate between three values: 0, 1, 
and 2, instead of only 0 and 1 like shown below. Nevertheless, the principle is the same and the 
changes between states are represented in the same way. 

 
 a) Temporary changes in a time series for a 

single pixel 

 
b) Permanent change seen in a time series for a 

single pixel 
 

Figure 6. Temporary and permanent changes for a single pixel. 
 
The idea is to apply this filtering not only on a single pixel but to an entire cube of data (entire image 
time series). The filtering will remove possible noise and random changes, leaving only permanent 
changes to be detected. The results of this are shown in the following section.  
 
4-3-1-4 Model 3: Particle filter continuous observations 
 
The last approach is similar to Model 2 but instead of having discrete observations such as three 
classes: “Water” (0), “Vegetated / non vegetated” (1), “NaN” (2); it uses continuous observations of 
a spectral index: the Normalized Difference Vegetation Index (NDWI) which can take values ranging 
from -1 to 1. The true states continue to be the same as before: “Water” (0), or “Land” (1).  
 
 

 
a) Time series for a land pixel 

 
 b) Time series for a water pixel 
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c) Time series for a pixel changing from water to land 

 
Figure 7. Time series for a) a land pixel, b) a water pixel, c) a pixel changing from water to land. 

 
 
The NDWI is calculated, according to (McFeeters, 1996), as (Green - NIR) / (Green + NIR). The 
objective with Model 3 is the same as for Model 2, run the particle filter (with continuous or discrete 
observations) not only over a single pixel time series, but over an image or data cube. The results of 
all three models are shown in the following section.  
 
 
4-3-2 Results 
 
After running the three different models, a predicted or filtered time series was created. They show a 
subarea of one of the ten areas of interest with a size of 30 x 35 pixels which means 300 x 350 m. 
Given that the time allocated for this project was limited and there was no known data of new 
constructions, it was not possible to select areas and periods of time with ground truth data of a 
permanent change. More time would have been needed in order to scale up these methods and detect 
changes which could then be corroborated with ground truth data. In order to overcome this problem 
and start in a simple way, a construction was “mocked” on the input data. Doing this made it possible 
to show how the models would behave when encountering a permanent change. 
 
4-3-2-1 Model 1: Mechanistic time series 
 
The following images (from t=0 to t=14) are the result of Model 1 (Fig. 8). It is a time series consisting 
of 15 different days. There are three columns: the first one shows the observed data, the middle one 
the prediction of the model, and the last one compares the actual timestamp with the previous one 
and highlights if any change occurs.  
The legend for the two first columns is the same: 0 for water (yellow), 1 for land (green), and 2 for 
NaN (purple). The third column uses purple for 0 which means no change identified, and yellow or 
blue for changes.  
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Figure 8: Model 1-Mechanistic time series results (from t=0 to t=14). 
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The mocked construction appears at time=10 as seen in the corresponding image. The third column 
seems to identify that change with no problem. Overall, method 1 seems to work quite well, being 
able to reduce the number of NaN pixels in the predictions. It performs a little bit worse at the 
beginning and end of the time series due to the lower number of days around to compare the data. 
That’s when the majority of the changes are identified. In order to tell whether those changes were 
real or noise from the model, another method was studied: a particle filter.  
 
4-3-2-2 Model 2: Particle filter with discrete observations 
 
In order to filter out noise and random changes in the time series, a particle filter with a hidden Markov 
model was implemented. First using discrete observations (model 2), and later with continuous 
observations (model 3). The results of model 2 are shown in the following images (from t=0 to t=14), 
the same way as they were shown for model 1 (Fig.9). There are three columns representing 
observation, prediction and change. The area and time period are the same as before, and the mocked 
data as well. For the observation and prediction columns, land is represented with blue color, water 
with purple and NaN pixels with yellow. The change column uses purple for no change, and yellow 
for change detection.  
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Figure 9: Model 2- Particle filter with discrete observations results (from t=0 to t=14). 
 
 
Comparing the results of model 1 and 2, it is clear that model 2 shows more stable results, identifying 
only the permanent change of the mocked construction for time=10. The predicted column is similar 
to the one obtained with method 1 but performs much better at the edges of the time series, thus 
solving the problem of model 1. Model 2 is also less susceptible to random changes. Note that the 
model has only 2 states (land or water), therefore the prediction should be binary. However, some 
pixels had NaN values throughout the entire time series, and therefore the value of those pixels has 
not been changed.  
 
4-3-2-3 Model 3: Particle filter with continuous observations 
 
The last model is also a particle filter, but it has been modified to be able to input continuous 
observations such as the NDWI. The results obtained are shown in the same way as before: observed, 
predicted, and changes (Fig.10). The first column now has pixels with values that range from -1 to 1, 
being blue associated with positive values and red with the most negative ones. According to NDWI 
interpretations, land would present negative values and therefore it is shown in red, whereas water 
presents positive values of NDWI and thus appears in blue. The second column presents the 
predictions: water (purple) or land (yellow). The same way as before, the change column identifies 
changes in yellow or blue, and purple means no change. 
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Figure 10: Model 3- Particle filter with continuous observations results (from t=0 to t=14). 
 
 
 
It has to be said that model 3 is not as stable as model 2 because some random changes are still 
identified. This is because the observations being continuous makes it more difficult to establish hard 
borders between states. The model also takes more time to identify the mocked permanent change at 
time=10, it starts with some pixels and slowly after 3 days it has almost all the pixels identified as 
land. These results are not as stable as for model 2 due to the continuity of the observations, but still 
look promising.  
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4-3-3 Future work: 
 
The classification between water or land for model 3 could be refined, for example, adding more 
spectral indices such as NDVI or NDBI (vegetation and built-up indices). Another improvement 
could be to combine the method with the work done in this same project for coastline detection which 
could improve the accuracy on the shoreline, where model 3 has most problems discerning between 
water or land. The code is implemented in a way that such changes would be quite straightforward to 
add.  
 
4-4 Detection of constructions within the area of interest 
 
The classification of small constructions along the shoreline supports marine and terrestrial planning 
regarding the dynamics of the coastal zone. Automatic change detection in built ups on and around 
shorelines supports (i) environmental impact monitoring, (ii) designing tools that can be used in 
discovering and prosecuting environmental crime, and (iii) can be used for updating their registries 
and databases. In this work, we aim at developing an Earth Observation-based method to identify 
small constructions along the Swedish coast, like piers and jetties. Initially, we focus on detecting the 
small constructions along the shoreline, like jetties and piers, with the help of Thresholding methods 
and advanced Artificial Intelligence (AI) algorithms.   
 
4-4-1 Dataset construction 
  
The aerial imagery (e.g, UAVs or aircraft-based) with high-resolution having clear visibility could be 
the best fit to detect small constructions, like jetties and piers, but this is challenging and costly, 
leading to limited temporal coverage. Whereas,  satellite imagery like Sentinel-2 is publicly available 
with good temporal coverage with a trade-off of resolution. Sentinel-2 has a spatial resolution of 10 
meters/pixel having limited interclass variation for small constructions like piers and jetties. Ground-
truth creation of small constructions from it could be a challenging task. We have worked with dataset 
creation for two methods: (i) Thresholding methods (Indices), and (ii) Deep learning state-of-the-art 
methods.  
 
4-4-2 Data Preparation for Thresholding Methods  
 
We have considered that area of about 2 sq. Km of Västra Lagnö near Stockholm. The selected region 
significantly carries the coastline making it suitable for the preliminary study of thresholding 
methods. Figure 11 shows the area of interest.  
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Figure 11: Showing the selected area of preliminary study.  

  
The Sentinel-2 imagery of the selected region was downloaded for the month of June 2020. The 
downloaded image carries Band2 (10m), Band3 (10m), Band 4 (10m), Band 8 (10m), Band 11 (20m), 
Band 12 (120m), and SCL band (20m). We have then filtered out the tiles with clouds and extracted 
the 1st tile without clouds as a sample of the study. We have considered the estimated ground-truth 
provided by Lantmäteriet of piers and jetties with the coastline. The selected patch of Sentinel-2 and 
considered ground-truth is shown in Figure 12.  
  

    
     (a)          (b)  

Figure 12: (a) The download Sentinel-2 Imagery of selected region. (b) The ground-truth of 
coastline in red and small constructions of piers and jetties in white on Sentinel-2 Imagery.  
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As the area of interest is near the coastline that carries piers and jetties, the buffer is applied to clip 
the area around the coastline. The buffer extracts the area of 150 meters across the coastline. The 
Sentinel-2 imagery is clipped to the selected buffer. The selected buffer and respected cropped 
Sentinel-2 image with buffer are shown in Figure 13.  
 

    
     (a)          (b)  

Figure 13: (a) The buffer created across the shoreline of the selected region. (b) The cropped 
Sentinel-2 Imagery with a created buffer in (a).  

 
4-4-3 Data Preparation for Deep Learning Method 
  
Deep learning models need the labelled data in huge quantities. We have considered multiple regions 
of and near Stockholm and Gothenburg for which the Lantmateriet ground-truth was available. The 
samples of the regions are shown in Figure 14.  
 

      
Figure 14: The areas of interest selected from the Gothenburg and Stockholm region.  
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From the selected regions taken with the ground-truth of Lantmateriet, we downloaded the respected 
Sentinel-2 Imagery of each polygon shown in Figure 14. From each image of the shown polygon, we 
have generated the grid where each tile of the grid carries 1 sq. Km. We overlapped the grid with the 
ground-truth of constructions. Then selected those tiles of the grid that carried pier(s) and/or jetties. 
A sample of one of the regions with grid and selected tiles of the grid is shown in Figure 15 and 
selected tiles from all grids are shown in Figure 16. As the considered parts of Sweden are from each 
other and towards the east and south boundaries of the country, the extracted patches are shown as 
dots in Figure 16.  
  

      
     (a)          (b)  

Figure 15: (a) The created grid on one of the selected regions. (b) The grid tiles carrying the 
constructions.  

  

  
Figure 16: All the selected tiles from the grids carrying piers and/or jetties from the region of 

Gothenburg and Stockholm.  
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Once the patches were selected, we downloaded the Sentinel-2 imagery for June 2020 having Band2 
(10m), Band3 (10m), Band 4 (10m), and SCL band (20m). Then, the tiles carrying the clouds were 
removed using the SCL band. The remaining tiles with first time stamps were stored.  
 
The provided Lantmateriet ground-truth is in line format indicating the presence of pier(s) and/or 
jetties. Whereas a deep learning model needs the boundaries of the object to do segmentation. 
Considering this requirement, we have generated a buffer polygon around the lines to get roughly 
estimated boundaries of small constructions. In Figure 17, we can see that the yellow lines on the 
piers are the line-based ground-truth of Lantmäteriet and blue polygons around the yellow lines are 
the created boundaries of them. 
  

  
Figure 17: The yellow lines on piers are the ground-truth used. The blue polygons are the estimated 

boundaries created from the yellow line ground-truth.  
  

A sample tile carrying three piers and jetties is shown in Figure 18 with zoomed vision. The sample 
has only a few pixels indicating desired three constructions. For better understanding, a zoom version 
of the construction is shown along.   
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Figure 18: The downloaded Sentinel-2 patch of 1 sq. Km with ground-truth.  

  
We have used these created estimated boundaries of piers and jetties to create the binary masks for 
each construction appearing in the respected tile. The same sample of Figure 18 is shown in Figure 
19 with respected generated masks and corresponding sentinel-2 image patch. These masks with 
respected image patches will be used as input to the deep learning model. Also, we created the 
bounding boxes with respect to the image coordinates system. 
 

      
Figure 19: The generated masks for each construction in the image and respected RGB image of 

Sentinel-2.  
 

4-4-4 Methods 

4-4-4-1 Threshold Method 
 
Built-up classification from remote sensing data is a task being explored for decades and centuries. 
The advancement in the remote sensing field and capturing sources of remote sensing data has made 
the task easier. Research community has introduced several built-up indices over time using different 
combination of bands, like Normalized Difference Built-up Index (NDBI) (Zha et al., 2003), Built-
up Index (BUI) (He et al., 2010), Built-up Area Extraction Index (BAEI) (Bouzekri et al., 2015), New 
Built-up Index (NBI) (Jieli et al., 2010), Vegetation Index Built-up Index (VIBI) ( Stathakis et al., 
2012), Index based Built-up Index (IBI) (Xu, 2008), Urban Index (UI) (Kawamura, 1996)), and Bare 
Soil Index (BSI) (Roy et al., 1997). In this study, we need to segment out the piers and jetties 
constructed near the shoreline. To do so, we have used NDBI, BUI, and NBI indices.  

4-4-4-1-1 Normalized Difference Built-up Index (NDBI) 
Normalized Difference Built-up Index was developed by Zha et al. in 2003 for Landsat multispectral 
imagery to capture unique built-up responses. It was later updated for Sentinel-2 bands. NDBI uses 
SWIR and NIR bands of Senitnel-2. The formula of NDBI is: 
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𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝑆𝑆𝑆𝑆𝑁𝑁𝑆𝑆 − 𝑁𝑁𝑁𝑁𝑆𝑆) / (𝑆𝑆𝑆𝑆𝑁𝑁𝑆𝑆 + 𝑁𝑁𝑁𝑁𝑆𝑆) 

 
The values of NDBI ranges from -1 to 1. The values present in the range (0.4 - 0.6) roughly represent 
the constructions.  

4-4-4-1-2 Built-up Index (BUI) 

Built-up Index is a combination of two Indices; Normalized Difference Vegetation Index and 
Normalized Difference Built-up Index. It was developed by He et. al. in 2010 to map urban built-up 
areas. The equation for BUI is as follows: 
 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝑁𝑁𝑁𝑁𝑆𝑆 −  𝑆𝑆𝑅𝑅𝑅𝑅) / (𝑁𝑁𝑁𝑁𝑆𝑆 +  𝑆𝑆𝑅𝑅𝑅𝑅) 
 

𝑁𝑁𝐵𝐵𝑁𝑁 =  𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 −  𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 
 
BUI is one continuous image with the range of -1 to 1. The greater the value of a pixel in BUI is, the 
higher is the possibility of the pixel being a built-up area. 

4-4-4-1-3 New Built-up Index (NBI) 

 
New Built-up Index (NBI) was developed by Jieli et al. in 2021 to extract the constructions like 
residential areas and so on. NDBI using SWIR, NIR and Red bands of Sentinel-2 Imagery to map 
constructions. The equation of NBI is as follows: 
 

𝑁𝑁𝑁𝑁𝑁𝑁 =  (𝑆𝑆𝑆𝑆𝑁𝑁𝑆𝑆 ∗  𝑆𝑆𝑅𝑅𝑅𝑅) / 𝑁𝑁𝑁𝑁𝑆𝑆 
 
The NBI represents different land use and land cover. The highest values of NDBI represent barren 
land. After the very top 10% of values, the latter almost 50% of the values represent built-ups. 
 

4-4-4-2 Deep Learning Method  

 
The field of AI and computer vision is progressing rapidly with new and more efficient models like 
YOLO (You Only Look Once), Mask-RCNN (Region-based Convolutional Neural Network), and 
RetinaNet. These models take the input image with ground-truth either a segmented mask(s) or a 
bounding-box(es). We have created the desired format of the image and explained in Section 4-4-3. 
We are using Mask-RCNN (Figure 20) to detect the piers and jetties from Sentinel-2 imagery. Mask-
RCNN takes the RGB image as an input with objects’ masks in the image as ground-truth to train the 
model. Mask-RCNN is quite efficient in creating the bounding boxes of the desired objects in the 
image and segmenting them out. The pre-trained Mask-RCNN is fine-tuned on visual bands of 
Sentinel-2 to segment out piers and jetties. The proposed transfer learning-based AI solution sounds 
promising to generate desired results for segmenting piers and jetties from the Sentinel-2 imagery. 
The designed pipeline could also be adapted to high-resolution aerial imagery. When the method will 
be built and validated, extrapolation can be applied to other regions.  
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Figure 20:  Architecture of Mask RCNN  

 
In the current phase, the Mask-RCNN model is up and running for image datasets publicly available 
but the step to deploy it on Sentinel-2 imagery for piers and jetties construction segmentation is the 
future direction of this work. 

 
4-4-5-1 Thresholding methods 
 
We have applied the built-up indices (NDBI, BUI, and NBI) on the considered region near the 
shoreline (explained in section 4-4-2). Then a threshold was applied to extract pixels indicating 
constructions. Once we had the mask for predicted constructions, we compared them with ground-
truth. Let's have a look at the results of each index. 
 
4-4-5-1-1 NDBI 
 
NDBI gave a good fraction of pixels to be highlighted as construction across the shoreline (Fig. 21 
(a)). In Figure 21 (b) the black is the background, the red pixels are the predicted constructions of 
NDBI and Magenta pixels are the ground-truth pixels and the green are the pixels belonging to 
ground-truth as well as the prediction of NDBI. It can clearly be seen that there is a very little overlap 
in the ground-truth pixels of construction and predicted pixels of construction. 
 

   
     (a)         (b)  

Figure 21: (a) NDBI prediction mask of constructions. (b) Comparison of ground-truth construction pixels, 
NDBI predicted construction pixels and overlap of ground-truth and NDBI prediction of construction. 
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4-4-5-1-2 BUI and NBI 
 
Similar to NDBI, we have done the same analysis for BUI as well as NBI. The results are shown in 
Figure 22 and 23, respectively. It can clearly be seen that the overlap of ground-truth and prediction 
of indices for construction is very little with very few green pixels. 
 
 

   
     (a)        (b)  

Figure 22: (a) BUI prediction mask of constructions. (b) Comparison of ground-truth construction 
pixels, BUI predicted construction pixels, and overlap of ground-truth and BUI prediction of 

construction. 
 
 

   
     (a)         (b)  

Figure 23: (a) NBI prediction mask of constructions. (b) Comparison of ground-truth construction 
pixels, NBI predicted construction pixels, and overlap of ground-truth and NBI prediction of 

construction. 
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4-4-6 Discussion  
 
We further analyzed and evaluated the results of indices. We have calculated the count of predicted 
pixels of construction by each index, ground-truth, and the overlap between them. It can be seen in 
Table 3 that NDBI was able to predict quite a good count of 1000 pixels as construction but out of 
1000 pixels only 11 were overlapping with the ground-truth. Further, BUI predicted 255 pixels as 
construction which is almost ¼ to the pixel count of NDBI. But only 1 pixel was overlapping to the 
ground-truth. Lastly, NBI predicted 110 pixels as construction pixels out of which only 4 were 
overlapping with the ground-truth. The visual overlaps can be seen in section 4-4-2. 
 
 
 Predicted Pixel Count Overlap Pixel Count  Ground-Truth Pixel Count 

NDBI 1000 11 166 

BUI 255 1 166 

NBI 110 4 166 
Table 3: Representing the count of pixels predicted by each index, count of overlapping pixels with 

ground-truth construction pixels, and count of ground-truth construction pixels. 
 
Furthermore, we calculated the correlation coefficient of NDBI, BUI, and NBI with the ground-truth. 
Table 4 clearly shows that the correlation of indices with the ground-truth is very little. In other words, 
we can say that there is almost no correlation between the ground-truth and the predicted indices 
making them not suitable for predicting small constructions like piers and jetties from Sentinel-2 
imagery. 
 
 

 NDBI BUI NBI 

Correlation to Ground-truth 0.0230 0.0179 0. 1216 

Table 4: Representing the correlation coefficient of NDBI, BUI, and NBI with the ground-truth. 
 
Mask-RCNN model is a state-of-the-art Artificial Intelligence method for segmentation, but it is still 
in the implementation phase of this study. 
 

4-4-7 Conclusion 
 
The detection of constructions in the coastal areas was done by: 

- Generation of ground-truth with Sentinel-2 image patches.  
-  Implementation of threshold-based methods for built-up classification. 
- Preprocessing of the generated image patches to make them suitable for Mask-RCNN.  
- Implementation of Mask-RCNN.  

Nevertheless, some challenges are faced and limitations, the pipeline of the designed model is divided 
into (i) ground truth generation of piers and jetties for Sentinel-2 grids, (ii) preprocessing of the 
generated dataset to make the input suitable for the Mask RCNN model, and (iii) the Mask RCNN 
model for segmentation of piers and jetties. We were able to implement all three modules 
independently. Unfortunately, the libraries required for modules (ii) and (iii) are outdated and creating 
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compatibilities issues. We are working on resolving the integration issues of the modules of the 
designed pipeline to make it running from end to end. The final results are still in progress. 
 
 

5- Conclusion  
 
The goal is to support marine and terrestrial planning regarding the dynamics of the coastal zone by 
developing an AI application based on Copernicus data (here Sentinel-2 data) to detect rate change 
in coastal areas (permanent or temporary). 
For the coastline detection, the method of UNET model has shown some good results. 
Using Bayesian statistical inference, we are able to study time series and discern between temporary 
changes or noise, and permanent changes. 
Two different approaches: 1) Mechanistic time series (copy unknown values of pixels from previous 
and following days), 2) particle filter with hidden Markov model. Approach 2) seems to work better 
and be more stable regarding noise or temporary changes. Approach 2) has two different sub-models: 
2.1) Particle filter for discrete observations, and 2.2) Particle filter for continuous observations such 
as NDWI. The results look promising on mock data. More time would be needed to find real changes 
to test the models. Future work could imply the refinement of the particle filter with continuous 
observations; the way it is coded offers the possibility to combine multiple indices for a more precise 
pixel classification or implement results from coastline detection from this project to detect the 
coastline.   
Regarding the detection of constructions, several different paths have been studied like the use of 
spectral indices. They did not turn out to be good for this particular case. The final results are still in 
progress. 
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Annex-1: Git Repository  
 
This repository contains this README.md file, an input_data folder with files taken as input for 
the analysis, a set of Notebooks, and an output folder where the results are saved. 

Additional / Pre-processing notebooks: 

• A1_prepare-time-series.ipynb 
• A2_create-mock-data.ipynb  
• A3_get-mndwi-and-ndwi-distributions.ipynb 
• EXTRA-get-some-images.ipynb 

 
The folder input_data contains: 

• data_aoi: Shapefile named "shallow-water-10AOI-selection.shp" which contains the the 
geometry of the rectangles that define the 10 areas of interest.  

• ds_netcdf: netcdf files with data from the 10 selected areas of interest. Time period: 
01/Jun/2020 to 30/Jun/2020.  

• mock_data: netcdf files with mocked data. There is a file for the SCL band, one for the 
NDWI (Normalized Difference Water Index), and one for MNDWI (Modified Normalized 
Difference Water Index) for area_00. The time period is the same as the data from ds_netcdf 
file, and in the middle of the time series a mocked construction appears. This data is used as 
input for the different methods. Generated with notebook A2.  

• time_series_aoi: With notebook A1 we save time series for the 10 areas of interest. There 
are three type of time series: a simplified version of the SCL, NDWI, and MNDWI.  

• mndwi-and-ndwi-distributions: With notebook A3 the distribution of NDWI and MDWI is 
studied. This will be input for the particle filter with continuous observations.  

Main notebooks: 

• 0-pixel-alignment.ipynb  
• 1-mock-mechanistic-ts.ipynb 
• 2-particle-filter-discrete-obs.ipynb 
• 3-particle-filter-continuous-obs.ipynb 

The folder output contains: 

• A folder named Images with the results of the time series. The title of the images has the 
name of the method used e.g. "continuous_pf", "discrete_pf", or "mechanistic_ts".  

EXTRA inside the folder input_data: 

• clipped_coastlines: Data taken from fastighets_data. It consists of shapefiles defining the 
coastlines contained within the 10 areas of interest. 

• fastighets_data: property data from lantmäteriet1 which is not shared in this 
repository. The user who wants to use it should get it from lantmäteriet's website. 

-------------------------------------------------------------------------------------------------------------------- 
1 https://www.lantmateriet.se/sv/Kartor-och-geografisk-
information/geodataprodukter/produktlista/fastighetskartan/ 

https://www.lantmateriet.se/sv/Kartor-och-geografisk-information/geodataprodukter/produktlista/fastighetskartan/
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