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Abstract 

In the years ahead, the escalation of global climate change underscores the crucial need for 

greater understanding and initiative-taking measures to address its far-reaching effects. In 

urban settings, climate change is already reshaping daily life, with urban vegetation becoming 

a vital tool in reducing its adverse effects. In urban environments, the struggle between 

vegetated and built-up areas intensifies, resulting in concerns about the scarcity of green 

infrastructure and the reduction of essential ecosystem services. 

 

This thesis investigates the changes in high vegetation in the municipality of Gothenburg, 

focusing on vegetation taller than 2.5 meters, using high-resolution airborne Light Detection 

and Ranging (LiDAR) data. The main purpose was to detect these changes and evaluate the 

effectiveness of airborne LiDAR datasets and methods in mapping vegetation changes over 

time.  

 

The method of this thesis utilizes Python to process high-resolution 3D LiDAR data from the 

years 2010, 2017, and 2022 to map vegetation in Gothenburg. The findings indicate a net 

increase in high vegetation covering an area of +14.02 km2 (179 743 trees with a crown 

diameter of 10 m) over the specified period. There has been a loss in -9.17 km2 or 117 178 

trees, where a significant portion of this loss has occurred in the outskirts of the municipality. 

This decline can be attributed to changes in urban development, characterized by the 

expansion of the city centre and the consequent increase in housing requirements, which leads 

to loss of vegetation. The increase in vegetation can be partly attributed to longer growing 

seasons due to climate change. However, it is also significantly affected by the complex 

classification process, leading to numerous errors. Attempts to mitigate these errors through 

various filtering processes have been unsuccessful due to the dynamic and intricate urban 

environment. 

 

The method employed requires additional optimization for application in urban areas. The 

primary objective was to develop an automated filtering system for vegetation classification 

in urban areas. However, extensive manual filtering was necessary, which proved inefficient 

for such a large study area. 
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1. Introduction  

In the face of the inevitable global climate change, the need to understand and address its 

multifaceted impacts has never been more important. In urban areas, the climate changes are 

affecting the daily life, where urban vegetation can help to mitigate unwanted effects of 

climate changes. In a dense urban environment, vegetated and built-up areas compete for the 

urban area, leading to concerns about the limited quantity of green infrastructure and the loss 

of ecosystem services (Lin et al., 2015; Haaland & Van Den Bosch, 2015; Ucar et al. 2018). 

The curiosity in examining vegetation in urban dwellings is derived from the implications it 

has for both the ecological and human aspects of urban areas. Urban vegetations can mitigate 

the urban heat island effect, provide ecosystem services, and enhance air quality (Barwise & 

Kumar, 2020, p. 1).  

 

In a global context, there has been a rise in vegetation cover in the urban areas of the world 

(Samuelsson et al. 2020; Wu et al. 2024). An example in the near spatial context, Samuelsson 

et al. (2020) stated that there has been both a densification and a greening of Denmark the last 

20 years. With a projected population growth of approximately 250 000 by 2035, Gothenburg 

will experience a densification and already has in the last 30 years. It will continue to undergo 

further changes in its urban structure in accordance with municipal development plans 

(Göteborg Stad, 2022). The amount of woodland in the municipality has decreased, where 

built-up constructions have increased between 2010 and 2020 (SCB, 2023). In a historical 

context, the decline in vegetation in urban Gothenburg has been apparent. Between 1986 and 

2019, there was a total loss of approximately 2.8% of greenness, with a simultaneous increase 

of 0.83% during the same period (Blinge, 2020). While discovering that the amount of 

greenness is reduced, it is essential to examine with modern technology the urban trees and 

how they, since the last years have been altered in the Gothenburg urban area. 

 

There are numerous methods for investigating spatiotemporal changes in vegetation, both 

remote and ground-based approaches (Klingberg et al., 2014; Li et al., 2019; Pu & Landry, 

2020; Ucar et.al., 2018). A frequently and popular method for investigating spatiotemporal 

changes in vegetation is to use satellite or aerial multi-temporal imagery and calculate 

Normalized Difference Vegetation Index (NDVI) (Li et al., 2019). When calculating NDVI, 

the visible red (RED) and Near Infrared (NIR) band of an optical image is used to create an 

index which is highly correlated to greenness (Cambell et al., 2022, pp. 436 - 437). More 
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recently, the use of Light Detection and Ranging (LiDAR) has increased in mapping urban 

forestry and greenery (Li et al., 2019; Yan et al., 2015), which is the method used for 

obtaining required data for this thesis.  

 

In contrast to use satellite or aerial imagery, which is a passive remote sensing technique, 

LiDAR is an active technique using a lasers travel time from emitting a pulse and return it to a 

sensor, which is affected by how the laser is reflected from the ground or vegetation and 

comes back to the sensor (Wehr & Lohr, 1999). Several studies have shown that using 

satellite or aerial imagery alone has less accuracy than using LiDAR alone or combined with 

imagery (Ucar et. al., 2018; Li et al., 2019).  

 

With its possibility to generate 3-dimensional point cloud data, LiDAR data can describe the 

topographic profile of the Earth’s surface. Additionally, it can be useful in estimating the 

urban vegetation canopy since it eliminates the effects of relief discplacement and shadows 

caused by using aerial or satellite images for mapping urban forestry and trees, which leads to 

a more accurate result (Yan et al., 2015). The high resolution and accuracy of the LiDAR data 

makes it possible to investigate individual trees and other complex objects in an urban 

environment.  

 

The following thesis is focused on examining the temporal variations in high vegetation 

within Gothenburg Municipality over the years 2010, 2017 and 2022, using airborne LiDAR 

data. The primary objective is to detect these fluctuations and to assess the efficiency of  

airborne LiDAR datasets and corresponding methods in determining alterations in vegetation 

cover over time. 
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2. Background 

When humans become more urbanized, natural ecosystems and vegetation become more 

important for citizens' wellbeing. It is estimated that by 2050, sixty-eight percent of the world 

population is projected to reside in cities, where the development of liveable cities becomes a 

crucial factor in human life (United Nations, 2018). The urban area and its structure will 

undergo a continuous transformation with the construction of new buildings, destruction of 

buildings, or the natural or unnatural changes in the environment. These changes and 

transformations are influenced by various stakeholders, which is based on the owner of the 

property. According to several studies, urbanisation is commonly linked to the environmental 

impact of reducing or degrading green spaces (Lin et al., 2015; Haaland & Van Den Bosch, 

2015). Furthermore, urban densification creates high pressure on urban green spaces, leading 

to shortages of green space within cities. Urban vegetation encompasses all trees and shrubs 

within an urban area which is a significant part of the urban environment (Ucar et al., 2018). 

The Swedish Planning and Building Act (plan-och bygglagen, PBL) regulates who determines 

the vegetation in urban areas. It is stated that the municipality that creates the detailed 

development plan determines vegetation, design, and elevation of the vegetation (4:10 PBL). 

 

Urban trees generate ecosystem services which benefits urban areas, both in a human 

perspective but also from an environmental point of view (Escobedo et al., 2011; Nowak et 

al., 2014; Shashua-Bar et al., 2011). Ecosystem services from urban trees are based on green 

infrastructure, which is an ecological liveable network of habitats and nature areas that 

preserves and supports ecosystem services, where these areas enable species to spread and 

benefit biodiversity. The ecosystem can be supporting, provisioning, regulating and cultural 

services (Millennium Ecosystem Assessment, 2005, p. VI). It provides both biophysical and 

socioeconomical benefits such as air pollution reduction, noise reduction, surface water run 

off reduction, and aesthetic values that reduce stress levels and improves physical and mental 

wellbeing (Barwise & Kumar, 2020; Göteborg Stad, 2016; Ucar et al., 2018).  

 

Air pollution reduction is an important regulating service of trees in urban areas, were 

pollutant concentrations and potential fatalities are high (Barwise & Kumar, 2020, p. 1). An 

example of this is that vegetation barriers can reduce the concentration of local pollutants 

(Barwise & Kumar, 2020, p.1). Furthermore, reducing surface runoff during and after rainfall 

is a regulation service from trees. When trees are foliated, trees decrease the amount of 
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rainwater that directly reaches the surface. And if the rainwater reaches the surface, it is more 

likely to infiltrate and reach groundwater due to the presence of pervious surfaces and root 

systems, leading to smaller risks for flooding (Marapara et al., 2020). Urban vegetation affects 

the urban climate with for example, decreasing temperatures and changing wind patterns (Oke 

et al., 2017). Trees provide support services such as promoting biodiversity and providing 

cultural services for example promoting continuity in urban areas, trees can lead to a stronger 

sense of place and belonging amongst inhabitants (Jones, 2011). 

 

There are several advantages as mentioned, depending on location, size and the vegetations 

setting. Vegetation that is not implemented correctly into urban spaces may lead to 

disadvantages. These disadvantages are financial, social, and environmental. The financial 

disadvantages are the management costs and damaging surroundings. The social 

disadvantages are physical risks associated with trees such as roots causing tripping and 

leaves causing surfaces to become slippery. Lastly disservices for the environment are for 

example increasing carbon and methane due to decomposition (Escobedo et al., 2011; 

Lyytimäki, 2017). Furthermore, trees can reduce the air ventilation in urban areas leading to 

trapping air pollution (Oke et al., 2017, p. 437). The ventilation of street air is limited if the 

canopy coverage covers the space between buildings (Gromke & Ruck, 2008; Oke et al., 

2017, p. 437).  

 

2.1 Trees and Gothenburg Municipality 

In the Gothenburg municipality there are several steering documents for planning greenery 

beyond the detailed development plan for the municipality. One of these is “Göteborgs 

grönplan för en nära, sammanhållen och robust stad 2022- 2030” (from now on called Green 

Plan). In the Green Plan, three main goals (ecological, social, and economic), divided into 

nine strategies, are important when creating and preserving greenery in Gothenburg 

municipality (Göteborg Stad, 2022b, pp. 5-10). The Green Plan’s purpose is to demonstrate 

how Gothenburg can enhance as a city with large green qualities in all the above-mentioned 

goals perspectives, in the meantime as the city develops. One of the standpoints in this 

steering document is about preserving and developing the city tree population. This is 

important in the context of examining the changes of trees in the municipality. 
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In a geographical context of the localization of the trees in the municipality, there is a good 

rule of thumb that is being used when planning trees. This is the 3-30-300 rule which is 

developed as a measure on how much vegetation a city needs. All inhabitants should see at 

least 3 trees from their home, school, and workplace, at least 30 percent of the area of each 

city block must be shaded of tree canopies, and all residents must have a maximum of 300 

meters to a green area. Furthermore, the municipality has several of technical steering 

document regarding trees in the city, for example “Stadens träd” (2016) and the technical 

handbook “Tekniska handboken – Göteborgs stad” (2023).  

 

2.2 Light Detection and Ranging (LiDAR) 

Light Detection and Ranging (LiDAR) is an active remote sensing system that measures the 

time it takes for a laser to emit a pulse and return it to the sensor, affected by how the laser 

reflects from the ground or vegetation and comes back to the sensor (Wehr & Lohr, 1999). 

When combining Global Positioning System (GPS) and an Inertial Measurement Unit (IMU) 

LiDAR data can produce three-dimensional dense geo referenced point cloud representing the 

reflective terrain surface (Shan & Sampath, 2005). Following is a technical explanation for 

the gathering of LiDAR data. While the laser pulse is sent out from a platform, in this study, 

of an airplane, it exhibits a certain degree of horizontal scattering, allowing for multiple 

registrations (returns) of each pulse. The initial return may refer to the canopy of a tree or the 

roof of a building. If the pulse passes through the upper surface, such as leaves, and reaches 

the ground, the final return is the height of the ground. Various additional returns may occur 

between the initial and last ones, depending on the characteristics of the scanned object 

(Figure 1). The result of a LiDAR scanning creates a point cloud that has millions of returns 

per square kilometres (Figure 2). 

Figure 1. Airborne laser scanning and its returns (Translated from Lindberg, Johansson, and Thorsson (2013)). 
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The travel time for the laser creates height information about objects located on a surface e.g. 

the earth. According to Olsson et al. (2018, p. 48), LiDAR creates accurate measurements of 

objects location (x, y) and height (z), makes this three-dimensional data source, useful for 

creating digital elevation models (DEM), digital surface models (DSM) and canopy density 

surface models (CDSM) (Figure 3).  

 

 

Figure 3. Different digital models LiDAR data can produce 

 

CDSM can be used for investigating the trees height, size, and location. The possibility for 

using height in land cover classification leads to a new dimension. Due to the complexity of 

urban area’s formation and objects, airborne LiDAR is one of the most effective methods for 

gathering data for creating digital surface models in urban areas (Lindberg et al., 2012; Olsson 

et al., 2018; Ucar et. al. 2018). LiDAR is a technique that has been developed for several 

years, and are currently being developed in many distinct aspects, both in the accuracy of the 

scanning's and in the adaptation of the results. According to several studies the results of 

LiDAR scanning’s can benefit the green and blue infrastructure planning processes and urban 

greenery management (e.g. Pyszny et al., 2020; Niedzielko et al. 2024). 

 

Figure 2. Raw LiDAR data from the 2022 scanning over Gothenburg, a 3D point cloud in profile. Location: 

Sävenäs, Gothenburg. Classification: Purple/pink is ground and yellow is unclassified.  



11 

 

LiDAR is furthermore suitable for measuring tree properties such as height and vegetation 

density, which can be measured by measuring wood volume or stem diameter (Olsson et al., 

2018). According to studies LiDAR-derived height features can distinguish high vegetation 

from low vegetation (Charaniya et al., 2004, Hecht et al., 2008, Huang et al., 2013) in urban 

areas leading to the possibility to locate urban forest and street trees. Capturing the urban 

vegetation cover using LiDAR can be more cost-effective than field-based inventory if 

captured in a favourable spatial resolution during the appropriate time of the year (Ucar et al., 

2018). LiDAR contrasts with photogrammetric methods, usually used for identifying 

vegetation changes, has a reduced sensitivity to weather conditions, seasonal variations, and 

time of the day during data accusation (Shan & Sampath, 2005).  
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3. Methods  

3.1 Study area  

 

 

 

Figure 4. Location of study area. Basemap from Google Maps 

 

The study area of Gothenburg municipality (57°420’N, 11°580’E) has a population of 

596 841 inhabitants (SCB, 2022) and is the second largest city in Sweden (Figure 4). The 

population has been increasing rapidly in recent years due to partly urbanization and 

densification (Figure 5). In Gothenburg, there is a spatial variation in the amount of green 

space's share of urban land area, where the central areas of the municipality have 45-50% and 

the outskirts have between 70-85% of the total land cover that is green space (SCB, 2015). 

The land usages have changed during the last 10 years where woodland has decreased while 

built-up and constructed land has increased with circa 4.5 percent between 2010-2020 (Figure 

6). The typical characteristics for the architecture of the municipality is classical European 

design, with compact mid-rise structure and limited vegetation (Lindberg et al., 2014). 
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The vegetation in Gothenburg is characterized by temperate deciduous forests due to its 

location in the nemoral vegetation zone (Gundersen et al., 2005). Although the amount of 

vegetated land use in Gothenburg has decreased, the city is still a relatively green city, more 

than half of the population (58%) has a green area  ≥ 10 ha within 300 m from their home 

(SCB, 2015). In the central area of the city, in parks and street trees are dominated by 46% 

Tilia (lime or linden), Acer (5.8%), Prunus (3.5%) and Aesculus (3.3%) (Sjöman et al., 2012). 

Scot pine (Pinus sylvestris) and Norway spruce (Picea abies) are common trees in the urban 

woodlands and around Gothenburg central areas. Between 2010 and 2019, there has been a 

total of 7396 trees that the municipality has planted (Figure 7). 

 

 
 

Figure 7. Trees Planted by Gothenburg Municipality 2010-2019.  

Source: Johannes Josefsson, Göteborg Stad (2024) 

 

This study is further limited to the extent of the utilized data. Due to 2010 scanning being 

over a smaller area, this is the extent that is examined. The archipelago's and the large forest 

areas are not included (see Appendix 1). The study only focuses on high vegetation, which is 

identified as vegetation that is higher than 2.5 meters.  
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3.2 Data  

The used data is three sets of LiDAR data from the City Planning Authority 

(Stadsbyggnadskontoret), in Gothenburg. The data sets are in the file format “. las", which is a 

standard for the LiDAR data. The data has different temporal scale and diverse LAS versions, 

while 2010 has LAS 1.2 and 2017 and 2022 have version 1.4, respectively. In the different 

datasets, the vegetation has leaves, but they are in different blooming seasons, were 2010 is 

from the beginning of autumn and 2017 and 2022 are collected in the spring. The datasets are 

collected from different companies and with different equipment, which can be seen in Table 

i. It is essential to understand the point density, how many laser pulses that hit a square meter 

on the ground. The point density is influenced by numerous factors, where the flying height 

and scanning angel has the highest impact on the result. The more point density the resolution 

of the rasterization increases. Furthermore, the season of the flying session is also affecting 

the outcome of the scanning. This is only observed in the vegetation cover since leaves affect 

the returns that the laser can perform. More leaves on trees lead to less returns or more, 

mostly from the upper side of the tree, due to that more leaves make it difficult for the laser 

pulse to penetrate through the foliage.  

Table i. Technical characteristics of the used LAS - data 

Dataset 2010 2017 2022 

Sensor 
Lecia ALS 50-II, SNR: 

009 
Leica ALS80-HP 

Leica CityMapper 2-

L 

Height 550 m 1750 m 1 340-1 510 m 

Average Point Density 13.65 points/m2 >11 points/m2 12 points/m2 

Footprint diameter 0.13 m N/A N/A 

Scanning Angel 40° off-nadir 15° off-nadir 40° off-nadir 

Scanning Frequency 142 kHz 487 kHz 1450 kHz 

Vegetation classified Yes 
Yes, but only low 

vegetation 
No 

Season Autumn Spring Spring 

 

The distinction between the classification of the data is crucial since if the data is not 

classified, this was accomplished. In the 2022 dataset, the vegetation is classified as 

unclassified and in the 2017 dataset the vegetation is only classified in a category with other 

tree-like attributes such as lampposts. This results in more possibilities for objects to not be 
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classified correctly, since in the unclassified class more objects are included. The possibility is 

high that objects in the urban area that can be identified as trees such as lampposts and fences 

are classified as trees which is not favourable for the outcome of the study. This leads to 

greater reliance on the filtering processes that have been conducted. Therefore, there has been 

several filtering processes both manual and automatic, were wrongly identified objects has 

been delimited (see section 3.3.3).  

 

3.3 Data processing and tools 

The data processing was done using a python script which was designed to generate 

rasterized TIF-files from LiDAR data and building footprint vector layers. The rasterizing of 

the point cloud is necessary for creating calculations and analysing the data. The raster 

outputs from the script were Digital Elevation Model (DEM), Digital Surface Model (DSM) 

and Canopy Digital Surface Model (CDSM). The script further has the possibility to generate 

Land Cover (LC) and Leaf Area Index (LAI), though these are not utilized in the current 

research focus.  

 

3.3.1 Tools 

All command line tools were achieved through the programming language Python and used in 

Visual Studio Code where several libraries with tools were imported. The main toolset was 

FUSION, which is a command-line toolset that provides a variety of specific analyses and 

data processing capabilities, especially for LiDAR datasets. Since standard GIS-software is 

not capable of rendering or using LiDAR, FUSION can be used for processing LIDAR data 

(McGaughey, 2018). Further, the GDAL library was used which is a command-line based 

toolset, with a translator library for raster and vector geospatial formats. As a part of the 

GDAL library, OGR framework can be found that operates vector data.  

 

To investigate the vegetation, high resolution raster images are needed, resulting in a 

requirement for a data cell size of 2, each pixel is 2x2 meter large. Choosing the size of 

resolutions is connected to the data source, the higher the resolution on the data source, the 

greater the possibility is to obtain a high-resolution result. The data source used has as 

mentioned above, a high point density in each point cloud for each year, even so that the 

result resolution could have been higher than chosen. Due to the capability, time, and 

processing this has not been chosen.  
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The abovementioned data processing method is based on Lindberg et al., (2012) and Lindberg 

& Grimmonds (2011) methods, where minor changes has occurred to match the desired 

outcome of the study. In Figure 8 a flowchart of the working process can be seen of creating 

the different rasterized images.  

 

Figure 8. Flowchart of the data processing 

 

There are various steps included in the method described in the flowchart above. Initially, the 

datasets were isolated into distinct classes distributed across multiple classes. An algorithm 

was used to isolate ground heights files (Figure 8: Step 1), generating separate files for this 

purpose. Furthermore, another algorithm was employed to isolate LiDAR returns interacted 

with vegetation and buildings, into separate files incorporating the ground height files (Figure 

8: Step 2). This was done to establish a height from the bottom of the trees or buildings.  

 

The used algorithms works differently while, the first method selects the maximum value for 

each pixel, while the alternate approach computes an average for individual points within that 

pixel. In the latter algorithm, the off ground data leads to height interpolation for the missing 

pixels. The final purpose of the data processing is to alter the format of the .las file to a raster 

image, in this process a GeoTiff (.tif) holding only the vegetation cover, a CDSM, without the 

height of the ground (Figure 8: Step 3). 

 

FUSION is used to process the .las files and OGR tool uses vector data of building footprints 

for clipping them into the extent of section and subsequently applying a buffer around 
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buildings (2.5 meters) (Figure 8: Step 4 & 5). The resulting output of these steps are a Canopy 

Digital Surface Model (CDSM) illustrating vegetation cover in a raster image format (Figure 

8: Step: 6, 7 & 8).  

 

The separation of LiDAR-data was only separating the data into ground and vegetation 

classes (Figure 8: Step 1 & 2) which created DSM, CDSM and a DEM based solely on 

ground heights. The vector data is obtained by tracing building footprints from a larger set 

covering the entire study area to match individual LiDAR data file dimensions. In addition, 

these footprints are used to create a buffer zone (Figure 8: Step 6) for future use. The 

vegetation data is merged with the earlier established ground cover (Figure 8: Step 3), 

forming a preliminary CDSM ready for the filtration process. 

 

In addition, inaccuracies persist in the classification of features on the building’s peripheries, 

needing their removal. This is addressed using the earlier mentioned buffer (Figure 8: Step 5). 

Using the initial CDSM (Figure 8: Step 3 & 6), data values from polygons were transferred 

into image files. The removal of pixels poses the risk of removing incorrectly classified ones, 

requiring the result to be more accurate than the input to be considered feasible in this 

situation. 
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3.3.2 Filtering 

A filtering technique (Figure 8: step 7) was used to eliminate scattered points, incorrectly 

classified, fill holes or other uneven features. This technique is what Lindberg and Grimmond 

(2011) used, followed by Lindberg et al. (2013), and performs similar to Goodwin et al. study 

from 2009. A kernel filter moves along each resultant CDSM image, were the middle cell, 

also known as the current cell, draws data from its surrounding cells on how to apply the 

current filter parameter using a kernel size of 3x3 pixels (Lindberg & Grimmond, 2011; 

Lindberg et al., 2013). In the used script, there were also different shapefiles used as filters, 

for example powerlines in the unclassified data from 2017 and 2022. The subsequent study 

(Lindberg et al., 2013) uses the same filters as used in this study with minor edit and are 

described below (Table ii).  

 

Table ii. Filters used in data processing 

Filter Function  Purpose Comment 

High 

Assign a value of 0 to any data 

points exceeding the 40 m 

threshold 

Filtering out objects that are 

more than 40 m in the CDSM to 

avoid items such as building 

cranes. 

It is necessary to be 

set at a height higher 

than the highest 

vegetation. 

Low 

Assign a value of 0 to any data 

points lower than the 2.5 m 

threshold 

Filtering out objects that are 

lower than 2.5 m to exclude low 

vegetation an item in the urban 

area 

Vegetation lower 

than 2.5 is excluded 

Singel 

Cells 

Assign a value of 0 to any 

individual cells 

Filtering out small unwanted 

objects such as lamp posts 

Small singular trees 

or bushes may be 

filtered out 

Hole 

filter I 

Assign the median values of 

the surrounding pixel’s if the 

value of current cell is 0.  

Filles out holes in vegetation 

that has occurred due to 

irregularities in the point cloud. 

Natural holes in the 

vegetation will be 

filled.  

Hole 

filter II 

Provide values to cells that are 

much lower than the 

surrounding cells to the median 

values of the souring cells. 

Fixes the irregularities in the 

point cloud. 

The natural variation 

in the vegetation 

cover will be 

eliminated. 

Shapefiles 

Set the value of a cell to 0 in 

the CDSM if it is within the 

shapefile 

Reclasses pixels in specific 

categories such as powerlines 

that may be classified as trees. 

The natural variation 

in the vegetation 

cover will be 

eliminated. 
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High and Low filter 

In the used point cloud, there are outliers, points that are significantly higher than what 

vegetation is, therefore filters for this are applied to correct the errors. There are thresholds set 

that are decided upon the resolution of the point cloud, the higher resolution the tighter span 

between high and low thresholds can be set. Due to the high resolution, the thresholds are set 

to 40 and 2.5 meters respectively, removing values higher and lower than this.  

 

Single cells 

This filter corrects outliers further, where single cells can for example represent poles, 

lamppost and other objects that occurs in the urban area that may be identified as vegetation. 

This filter makes small trees and bushes that are detached cells, be in risk of removal. This 

filter utilizes a kernel of 3x3 cells, which sets the middle cell to 0 if the number of 

surrounding vegetation cells is below a threshold, which is set to 1. A test to determine this 

number was conducted, between 1–4 surrounding pixels were investigated. As Figure 9 

shows, there are small significant differences between these, but as the earlier researcher uses 

1 as the threshold this study as well has implied that. As early as the second iteration, the 3x3 

kernel size results in noticeable discrepancies in the elimination of small pixel clusters. This is 

particularly noticeable when comparing the output of a single-cell filter between iterations 1 

and 4. 

 

 
Figure 9. Example of different threshold single cells filters 

 

Hole filters I & II 

When scanning with laser pulses due to a spread of the pulses, holes may be visible in the 

vegetation cover. These holes can be corrected by using a selective median filter which 

replaces this cell to a median value of the surrounding 8 cells. Two hole filters were 
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employed, while the first filter replaced the empty active cell with the median value of its 8 

surrounding cells, if 6 or more cells are vegetation. The second filter is similar, except it scans 

for values that are only lower than surrounding pixels. For example, that a pixels value is 6, 

and it has 8 surrounding non vegetated cells, its value changes into non vegetated cells, 

otherwise it is assumed to be at the edge of a vegetation cluster and thus not changed. 

 

Shapefile filters 

There are several objects in an urban area that can be categorized as vegetation incorrectly, 

even though the above filters reclassify some of them. The leftover incorrect classified pixels 

are in clusters such as powerlines and electrical substation were the single cell filter, and the 

high filter is not applicable. These could also be done as part of the manual cleaning, 

however, since it is such a large amount of removal, it is important to add it to the script as it 

becomes more effective. The shapefiles are mostly focused on to reclassified objects shown in 

Table iii. The objects are identified by evaluating the script, where the result indicates the 

following objects are easily incorrectly classified as vegetation. 

 

Table iii. Shapefile filters 

Object Source Modifications 

Bridges 

Gothenburg Municipality – 

Basemap Open Data 

(2022) 

In used data, only the bridge abutment was notified 

as lines leading to the need for the creation of 

shapefiles as polygons were created. 

Powerlines Lantmäteriet (2022) 

Powerlines were placed several meters incorrectly 

in the used dataset leading to modifications and 

buffers around each powerline of 15 meters were 

created. 

Electrical 

substation 

Referenced from satellite 

pictures retrieved from 

Lantmäteriet (2022) 

After the powerline buffers were created, several 

electrical substations were identified, which 

allowed it to create polygons around them, to 

reduce the possibility of it being incorrectly 

classified as trees. 

Rail and 

Tramways 

Gothenburg Municipality – 

Basemap Open Data 

(2022) 

No modifications were necessary, only a buffer at 

2.5 meter around each rail and tramway. 

Roads – speeds 

higher than 60 

km/h 

Open Street Map (n.d.) 

Buffer at 5 meters around each object were created 

to eliminate large road signs and other high objects 

on roads.  
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3.3.3 Manual cleaning 

Since both 2017 and 2022 LiDAR datasets vegetation was classified as unclassified, 

numerous objects were not properly classified even though the filtering was pursued. 

Therefore, a manual cleaning of the vegetation was conducted after the result was created 

through the script. The method for the clearing was not flawless, both in terms of practical 

implementation and how the clearing was determined. The method used were to created 

polygons over areas where ocular faults in the vegetation were found comparing it with 

orthophotos from correct temporal setting. Further, these polygons were set to 0 (=no 

vegetation) with the tool called ThRasE, which is a Thematic Raster Editor plugin of Qgis 

(GitHub, 2023). This was similar to the method of removing buildings from the CDSM 

(Figure 10). While using the tool ThRasE, it was easier to determine if the classification in the 

polygons was correct since small pixels inside the polygons could be added easier due to the 

tools' possibility to add pixels into the CDSM. In Figure 10 the manual cleaning is visualised, 

with a total of 5.1 km2. The decision making of which areas to manually filter was made by 

ocular, where it was clear that objects were faulty classified. In Figure 10, an area where the 

CDSM is misclassified as trees, where it appears to be more like a type of building crane. 

 

 

Figure 10. Manually cleaned  features. Basemap from Google Maps 
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3.4 Analysis 

 

Figure 11. Flowchart over the process of analysing the result 

 

In addition to the manual filtering process, an analysis was conducted as seen in the flowchart 

above (Figure 11). A script was created in python to automate the process and to save time. 

The purpose was to investigate each grid cell of the study area (Figure 12) and draw 

conclusions upon the difference between the temporal and spatial scale of the study. A grid of 

500x500 meters cells was created over the entire study area to create the ability to investigate 

the result on a smaller scale. On a smaller scale, it is possible to conclude on the removal and 

addition of specific trees, which is not possible on a larger scale nor if this should be done 

ocular in this large quantitative data.  

 

Therefore, a script was created which follows the flowchart in Figure 11. Step one was to 

determine which year was the base year and comparison year, depending on the desired result, 

2017 or 2022 were set to be a base raster and 2010 respectively 2017 as comparison raster. 

Step 2 was to clip the big raster into the specific grid cells using gdal, were if there was no 

value in the raster, the clipped raster value was set to 0. Step 3 was to create a "subtraction 

raster" or “gain raster” for each grid cell where the comparison raster was subtracted from the 

base raster to obtain the difference between the years. A variety of runs were conducted were 

one focused on obtaining the loss of vegetation and one where the focus was on the gain. The 

difference in step 4 were the value higher or lower than 2.5 is set to a value of 0 depending on 

the desired outcome. Steps 3 and 4 were done by managing the raster files as arrays instead of 

using a raster calculator. In step 5 the difference raster (subtraction raster) was polygonised 

though gdal’s polygonised tool, which creates polygons over all raster pixels. Furthermore, 

step 6-7 focused on calculating the area of each polygon and to filter out small and large 
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polygons, to make the result more accurate. The filtering was of specific trees with an area 

bigger than 10 m2 and smaller than 15 000 m2, with the reference values taken from Larsen & 

Kristoffersen (2002) and Pretzsch et al. (2015). The value of 15 000 m2 is large for one single 

tree, but due to the possibility to have several trees clustered together as a large shapefile 

feature, 15 000 m2 is necessary. This is also based upon test on the size of the large polygons 

of trees that are clustered together were the largest lost is 15 000 m2.  Based on these 

resources, a comprehensive estimate has been obtained for the average crown diameter of 

mature trees in the study area, which is approximately 10 meters (crown area of 78 m2), 

regardless of species.  

 

 

 
 

Figure 12. Grid 500x500 meters squares. Basemap from Google Maps 
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4. Results 

The following section presents the results of the investigation of the vegetation reduction and 

growth between 2010, 2017 and 2022. The result section is organized into three main 

subsections corresponding to the key findings of the study, vegetation reduction and increase 

in the whole study area, temporal and spatial distribution of the reduction and increase, and 

the amount of vegetation reduction in different municipal subregions of Gothenburg. 

 

4.1 Gothenburg Vegetation Reduction 

The result indicates that there has been a loss of high vegetation in Gothenburg between 2010 

and 2022, with a loss of ≈ 9.14 km2 or 117 178 trees with a crown area of 78 m2. In Figure 13, 

it can be observed that there has been a decrease in vegetation loss in the years 2017 and 2022 

compared to 2017 and 2010. An analytical approach involves examining the yearly estimated 

reduction of vegetation. In Figure 13, apparent trend emerges, particularly indicating decrease 

annual estimated vegetation loss in the years 2017 and 2022. This level of loss is attributed to 

significant reductions occurring within a compressed timeframe, indicating the magnitude of 

the phenomenon. The average annual estimate of vegetation loss in 2010-2017 is ≈0.79 

km2/year (10 128 trees/year), while between 2017 and 2022, the average annual estimated loss 

is ≈0.72 km2/year (9 230 trees/year). 

 

  

Figure 13. Graph of the loss of high vegetation between 2010 and 2022 
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The following section pertains to a specific focus on a reduction in vegetation localized in the 

Hisings Backa (57°740’N, 11°9620’E). It is important to mention that the base map is from 

2019 and is therefore located temporal between the result of the difference between 2017 and 

2022. In Figure 14, the reduction between 2010-2017 and 2017-2022 can be observed, with 

the most notable change occurring in the initial period under investigation. This is a 

significant decline between 2010 and 2017 with ≈0.09 km2 compared to ≈0.02 km2, 

particularly in the conversion of an urban forest area to construct structures during this period. 

It is noteworthy that this data is presented in raster format at a resolution of 2x2 meters per 

pixel. 

 

 
 

Figure 14. Temporal and spatial reduction of high vegetation 

  

When converting the same geographical area into polygons, there is a chance to gain insight 

into the size of the trees and the number of trees that have disappeared in this region (Figure 

15). Using an estimated value that each tree canopy covers an area of 78 m2, it can be 

calculated that 11,540 trees vanished during the initial period. The subsequent period has a 

significantly lower reduction in the number of trees of 2,565. However, this calculation 

assumes that each tree canopy has a diameter of 10 m and covers an area of 78 m2.  

 



26 

 

Figure 15 illustrates polygons representing various type of trees that have been removed 

between 2010 and 2017 in the northern areas of the figure above.  Polygon of trees 1 has a 

large area of ≈315 m2 , while tree 2 occupies a smaller area of ≈147 m2. For a closer 

examination of smaller trees, tree 3 has an area of ≈80 m2, whereas tree 4 has the smallest 

area of ≈20 m2. There can also be detected other trees or parts of trees in Figure 15 that has 

been removed between 2010 and 2017.  

 

 
 

Figure 15. Removed trees between 2010 and 2017, visualised in polygons. 

 

Figure 16, illustrating the changes between 2017 and 2022 within the same area, reveals 

distinctions from previous years. It suggests that the alterations are more likely attributed to 

reductions in the size of tree canopies rather than the outright removal of entire trees. For 

instance, the polygon representing tree 1 indicates the removal of a single small tree, whereas 

the shape of tree 3's polygon does not resemble a typical tree, suggesting that its reduction 

may pertain to the size of its canopy rather than the complete removal of the tree. Similarly, 

the depiction of tree 2 also suggests a reduction in canopy size rather than complete removal. 
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Figure 16. Removed trees between 2017 and 2022, visualised in polygons. 
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4.2 Gothenburg Vegetation Increase 

A part of the study is to investigate the increase in the high vegetation between 2010 and 

2022, were there has been a substantial increase in total vegetation ≈23.16 km2 (296 923 

trees) in all of Gothenburg Municipality. This leads to a gain of ≈1.93 km2 per year (24 743 

trees/year). Figure 17 covers the same area as shown in the section on vegetation loss in 

Gothenburg. In this figure, one can observe an increase in vegetation. This observation is 

noteworthy because it is not just the emergence of individual trees between the years 2010 

and 2022, but also the natural growth phases of vegetation occurring during this period. 

Therefore, it is crucial to limit this analysis to polygons with an area of more than 10 m2 , as 

illustrated in Figure 17. 

 
 

Figure 17. The gain of high vegetation between 2010 – 2017 and 2017 - 2022 

 

When converting the same geographical area into polygons and filter out small areas of 

polygons (less than 10 m2) there has been an increase of ≈0.04 km2, which can be converted 

into 461 trees that the area has expanded. Which is nonetheless smaller than the loss that has 

occurred specifically within this subregion. When zooming further into a smaller area in the 

same location as where the loss of vegetation is observed, it can be observed that around 

several trees there has been an increase in the crown area (Figure 18). This observation 

suggests that the observed increase in area is not solely attributable to the addition or increase 

of trees within the region; rather, it primarily relates to an expansion in the dimensions of 

existing tree canopies. The dimensions of trees categorized as small in the year 2010 have a 
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significant increase, resulting in the classification of large trees, primarily due to their 

increased dimensions. As can be seen around the tree numbered as 1 there has been an 

increase of the trees area in the south facing parts of the trees, and in example number 4 from 

2017-2022 there has been an increase in crown area equally around the whole trees. There can 

be other parts of trees in Figure 18 that have been increased between 2010 and 2022. 

 

 

 

Figure 18. Increased high vegetation between 2010-2017 and 2017-2022, visualised in polygons. 
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4.3 Reduction in “Mellanområden” and land use 

Gothenburg Municipality uses several systems to divide the city into different divisions for 

better utilization in operational planning. Therefore, an investigation into the reduction of 

vegetation in these distinct areas has been conducted to draw conclusions about which 

"mellanområde" has exhibited the most severe degradation of vegetation. Gothenburg has 36 

different "mellanområde" that varies in size and in number of inhabitants but has similar 

socioeconomic status. In Figure 19, one can observe the spatial disparities in which the most 

significant reductions in vegetation occur. It is evident that the central parts of Gothenburg 

city are least affected by the loss of high vegetation. Intermediate areas such as Tuve-Säve, 

Angered, and southern Torslanda, situated on the outskirts of the municipality, have 

experienced the greatest declines in vegetation regardless of the period (between 2.8 and 3.5 

km2). It is also noteworthy that northern Gothenburg has experienced a more pronounced 

decrease in high vegetation than the southern regions.  

Figure 19. Total Loss of Vegetation in Mellanområden between 2010 and 2022.  

More red equals a higher loss of vegetation 
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Another method of subdividing the municipality is through statistical zones where various 

development plans will be implemented, with the municipality identifying six areas that will 

be affected by this (Figure 20) (Göteborg Stad, 2019). These areas exhibit characteristic land 

use types that are of interest to investigate from a vegetation perspective. 

 

 
 

Figure 20. Statistical land use in Gothenburg (Göteborg Stad, 2019) 

 

The variation in vegetation differs across these different classifications (Figure 21), wherein 

larger areas with less urban structure, such as the Mellanstaden, Ytterstaden, and Kust och 

skärgård, have experienced the greatest decrease in vegetation, especially Mellanstaden. 

Conversely, more densely populated areas like the Innerstaden have experienced minimal 

decreases in vegetation. Innerstaden has experienced the smallest decrease in vegetation over 

the entire period, while the other has experienced a decline in the vegetation. The most 

significant decline is between 2017 and 2022 for all land use except Innerstaden and Natur- 

och rekretationsområde. 
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Figure 21. Graph of the high vegetation loss depending on land use 2010 - 2022 
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5. Discussion 

The results over the investigated period, 2010 to  2022, indicate a net gain of +14.02 km2 

(179 743 trees) of high vegetation with a crown area bigger than 10 m2 within the 

municipality of Gothenburg. When comparing different subdivisions of the city, it is notable 

that a loss in vegetation has predominantly occurred at the outskirts of the municipality. While 

vegetation exists in the central parts of the municipality, the outskirts of the municipality were 

the greatest potential for change lies, corresponds with observed changes. The increase in 

vegetation has been examined between 2010 and 2022 to identify changes in vegetation 

growth, revealing an expansion of approximately 296 923 trees during the 12-year period. It is 

noteworthy that this increase does not solely imply new trees but also encompasses areas 

where tree canopies have expanded due to growth phases. According to Samuelsson et al. 

(2020) and Wu et al. (2024), there has been a significant increase in vegetation in urban areas, 

which does correspond to the result in a whole but investigating individual trees that are kept, 

several trees have increased their crowns. In Figure 18, numerous mature trees have exhibited 

an expanded crown, suggesting a potential extension of the growing season. This 

phenomenon aligns with findings reported by Linderholm et al. (2008), as well as Aalto et al. 

(2019), who observed an increase in the duration of the growing season across northern 

Europe during the latter half of the 20th century and the early stages of the 21st century. This 

trend is attributed, in part, to rising temperatures associated with climate change. 

 

In comparison with Blinge (2020), it can be observed that there has historically been a 

substantial decrease in vegetation over the years, with the results indicating a greater decline 

in recent years than in previous ones. Since the degradation is rapidly increasing for the years 

(Figure 13; 21), this could be a measure for forecasting the future of vegetation loss. In an 

historical context (e.g. Blinge(2020)) has there been a decline over the past 33 years, but in a 

much slower rate than the trend is expected to be going in the future according to broad 

speculation about the outcome of this study. This can also be a requirement for the 

municipality to adhere to several guidelines regarding only planting more trees and 

maintaining as much as possible. Blinge (2020) employs satellite imagery and NDVI as 

methods, which may introduce variations in results and affect comparisons (see 5.1 method 

discussion). 
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As showed in Figures 20 and 21, the most significant loss has occurred at the outskirts of the 

municipality. Figure 14 provides an example of how a substantial portion of high vegetation 

has been cleared to make way for a new residential area. Several studies (Lin et al., 2015; 

Haaland & Van Den Bosch, 2015) imply that urbanization and densification necessitate more 

housing near important infrastructure (e.g. workplaces, hospitals and schools), often resulting 

in the removal of vegetation. However, it can be observed that in the same areas were 

vegetation has been removed, the selected remaining trees have thrived and developed larger 

canopies (Figure 15). As previously mentioned, it is also easier to remove vegetation in 

densely vegetated areas, such as clusters of trees and similar formations. 

 

When examining the amount of vegetation added, it is noteworthy that the municipality plants 

numerous trees each year (7396 trees between 2010 and 2019). However, it is challenging to 

compare these newly planted trees with those removed each year, as newly planted trees do 

not have the same capacity to mitigate climate change as older trees. According to 

Gothenburg's tree plan (2016), it is necessary to "preserve and develop the ecological, 

cultural, historical, social, and economic values of the city's trees and tree environments". 

Thus, even if trees must be removed or moved for any reason, efforts should primarily be 

made to preserve them, or if not possible, they should be relocated to nearby areas. 

Furthermore, it is suggested that compensation through planting trees with similar 

characteristics be considered in mitigation efforts. However, it is essential to note that the 

example in Figure 14 may potentially involve privately owned land, which could complicate 

adherence to these regulations, although it is ultimately the municipality that clarifies the 

detailed plan and building permits. 
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5.1 Method discussion 
5.1.1 Spatial resolution and choice of method 
This study utilizes a dataset with a high resolution, which presents both an advantage and a 

disadvantage in the methodology employed to generate the results. The use of high-resolution 

data is essential as it facilitates the identification of changes at a precise level within 

individual trees. However, the raw data utilized is subsequently downscaled to a lower 

resolution to simplify processing and analysis. It is noteworthy to discuss how employing 

lower resolution data could have affected the outcomes. The use of lower resolution data may 

have potentially reduced noise in the digital surface models (CDSMs), thus reducing the 

extensive manual filtering process. This phenomenon is partly due to the resolution but also to 

the unclassified nature of the LiDAR data from 2017 and 2022. Conversely, altering the 

resolution of the scanning process could have led to the oversight of several changes, thereby 

impacting the study's level of detail. It is noteworthy that this study investigates vegetation 

across a large area at a precise level, although with an increased margin of error due to the 

potential misclassification of additional noise objects as vegetation.  

 

Furthermore, it is important to mention that there are other methods to investigate vegetation 

in urban areas using remote sensing. For instance, as previously mentioned, NDVI is a metric 

that can be employed for this purpose. NDVI uses multispectral satellite imagery for 

vegetation analysis. According to Pu & Landry (2020), there may be benefits in integrating 

multiple remote sensing techniques to obtain specific insights into vegetation distribution and 

types. The use of remote sensing to investigate vegetation changes is a continuously evolving 

field with significant potential, providing numerous opportunities for cost-effective and time-

efficient methods for vegetation assessment. Li et al. (2019) highlights the importance of 

further research conducted in collaboration with urban foresters and remote sensing experts to 

advance this field. This collaborative collaboration would enable the identification and 

resolution of the challenges, while also ensuring the optimization of urban forests and their 

ecosystem services for the sustained wellbeing of humanity.  

 

According to Nilsson (2019), a variety of issues occur during the scanning and recording of 

the data. It can be observed that the different data is both from different seasons, but also from 

different companies with different equipment (table i). The use of different sensors, point 

density, and scanning frequency affects the outcome and especially when examining the 

difference between years. Therefore, the result is not only related to temporal differences but 
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also to the technical characteristics of the LAS-data. It would have been beneficial to use 

LAS-datasets from the same seasons with the same technical characteristics, to eliminate this 

as a source of error. This would be the ideal, but as Nilsson (2019) states, it is not possible to 

rectify this and will influence the outcome. In what extent has not been established.  

 

The utilized data additionally differs concerning the scanning angle used during scanning. The 

angles for 2010 and 2022 are identical (30° off-nadir), while the angle for 2017 are half as 

large (15° off-nadir). This is an important factor to consider when examining and quantifying 

the results. According to Dayal et al. (2022), the scanning angle significantly affects 

vegetation analysis using LiDAR. It is crucial to ensure that scanning angles remain 

consistent when the objective is to focus on vegetation change, in order to scan the objects in 

an identical manner. The scanning angle determines the extent to which an object is scanned, 

with lower angles resulting in more side-view scanning rather than top-down. This disparity 

affects the comparison of different datasets. It is challenging to draw conclusions from the 

results when the initial data exhibits such significant variations that impact comparability. 

 

Furthermore, it is important to note that several refinements have been made, not only 

concerning the resolution of the raster and the use of grid cells sized 500x500 meters. The 

most impactful refinement is undoubtedly in the analysis where tree crown sizes are identified 

as larger than 10 m2. This is a challenging assessment, partly based on sources previously 

mentioned that have studied common sizes of mature trees in the Nordic region, and partly on 

a personal calibration to set this size limitation to reduce the amount of noise in the results. 

Tall trees often have larger crowns, but it is crucial to note that the results of both vegetation 

decrease, and increase would likely have differed if this threshold had been smaller. A lower 

threshold would have resulted in more misclassified objects being a part of the analyse, but 

also more minor vegetation being visible in the analyse. 

 

5.1.2 Filtering  
The used dataset has different classifications, whereas 2017 and 2022 were not classified. 

Working with unclassified LiDAR data leads to the fact that the vegetation needs to be 

classified, making the process of understanding the vegetation changes even more difficult 

than using for example NDVI. Several filters and several processes of attempting to classify 

the vegetation correctly leads to the greater possibility of creating a source of error. The 

filtering is a part of it which will be outlined below. 
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As explained in the methodology section, two filtration processes were executed. The initial 

filtration involved an automated script, incorporating high and low filters, single-cell 

exclusion, hole filters, and shapefile filters to systematically identify misclassified entities 

such as powerlines and power stations. 

 

Furthermore, a manual filtering occurred were several objects that the above mentioned filters 

could not detect were filtered out. This filtering was based upon my own perception of if 

pixels were classified incorrect. In the harbour, large shipping containers are easily detected 

as vegetation due to the height and that the pixels are clustered together. Despite the labour-

intensive nature of manual filtration, its efficiency was limited by the exceptionally high 

resolution of the LiDAR dataset, resulting in some misclassifications persisting despite 

extensive filtration efforts. Furthermore, the spatial extent and large quantity of the data 

necessitate recognition, as achieving comprehensive accuracy in vegetation reduction or 

increase identification becomes nearly impossible. While the manual cleaned areas are 

substantial, the potential for overlooking vegetation within these shapefile polygons exists; 

however, given their scale, the overall impact on the study's outcomes is considered 

negligible.  

 

Inherent limitations exist in the filtration and clearance processes due to the LiDAR data's 

high resolution; wherein urban noise may incorrectly be classified as vegetation. Despite these 

challenges, the primary objective, temporal constraints, and available resources of this study 

do not permit exhaustive verification of every cell's accuracy, although acknowledging that 

the results may not precisely mirror ground-truth assessments. It is important to emphasize the 

necessity for precise and up-to-date building footprints. Without these, inaccuracies in 

vegetation classification are likely to occur, resulting in increased manual correction efforts. 

This study experienced such challenges due to the reliance on building footprints from 2019. 

This issue is particularly problematic when examining vegetation growth, as many newly 

constructed buildings may be incorrectly classified as vegetation. In urban areas, various 

objects are mobile and temporary, such as scaffolding and construction cranes. These objects 

are often misclassified, which significantly increases the amount of object that is classified 

wrong, during large construction projects in the city, such as the "Västlänken" project. 

Nonetheless, utilizing LiDAR data provides a comprehensive remote mapping of urban 

vegetation and its distribution. 
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There is a need to address the substantial increase in vegetation that the study implicates has 

occurred. Upon reviewing the results, it is evident that there is a higher number of 

misclassified objects when the increase in vegetation is examined. This is attributed to the 

construction projects, outdated building footprints, and the complexity of the urban 

environment. Consequently, obtaining a realistic overview of the increase in vegetation is 

challenging. The necessary filtering exceeds the feasible scope within the timeframe of this 

thesis.  

 

Specifically, when comparing the years 2010 to 2017, there appears to be a significantly 

larger increase in vegetation (14.02 km²). This discrepancy arises because one of the datasets 

from the earlier period was classified initially, while the other was not, leading to a marked 

difference. In contrast, for the other period, both datasets were unclassified and classified in 

the same manner. This consistency means that noise present in 2017 and 2022 would be 

removed, as it appears in the same locations (e.g., road signs and small power lines).  

 

As illustrated in Appendix 2, small power lines present in 2010 were excluded from 

classification, while in 2017, they were classified as vegetation. This misclassification results 

in an apparent increase in vegetation, as these power lines are present in one dataset but not 

the other. However, when comparing 2017 and 2022, this issue is mitigated because the 

misclassification of power lines occurs in both datasets. Nilsson (2019) sheds light on this 

issue while examining the years 2010-2017, during which the identical problem persists. 

Furthermore, Nilsson (2019) indicates that if the data has been classified as similar, the 

filtering and manual cleaning could have been avoided, which this thesis does also confirm. 

 

This issue remains unresolved and necessitates a more in-depth methodological development 

of the filtering process. Examining the increase depicted in Figure 18, which is confined to an 

area were urban noise is less prevalent, the results appear more plausible. However, this 

approach demands more thorough methodological investigations to determine mathematically 

how these deviations impact the study. As shown in Figure 18, there is an increase in 

vegetation, but when considered on a larger scale with more potential noise objects interfering 

with the classification of vegetation, achieving an accurate and realistic result becomes 

challenging. 
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Concerns are raised regarding the subjective nature of manual cleaning, which introduces 

human interpretation bias and potentially compromises the study's objectivity. Nevertheless, 

the marginal influence of these localized manual cleanup on the research outcomes is noted. 

 

There is always a desire for the ground-truth, as measured trees are the most accurate, which 

is not feasible due to the extremely slow and inefficient working method is not feasible to do 

over the study area. It is always an estimate when utilizing data processing and simulations. 

 

5.1.3 Polygons 
The analysis involved executing a script to polygonise the raster layer, aiming to facilitate the 

identification of trees. When ocular examining the results, numerous errors were detected in 

the classification of vegetation, where it became evident that these errors exhibited recurring 

patterns (see Figure 22). These systematic errors required recalculations of the results. The 

underlying causes of these discrepancies were not determined at the time of this study; 

however, they were mitigated through manual recalculations, which involved identifying and 

rectifying all incorrectly calculated polygons. 

 

Figure 22. Example of polygon errors. The small stripes are the errors. 
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5.2 Further research  

The completed study has brought up aspects that should be subject to future research, were a 

comparison with NDVI in the same spatial and temporal resolution is relevant. Since there are 

differences in the data used for these methods, there is an interest in exploring these and to see 

if other remote sensing techniques can contribute with an increased accuracy of a result on 

vegetation in urban areas. 

 

Furthermore, research on the most effective method of filtering noise in urban environments 

from LiDAR data should be conducted. Since the used method is working but is required a lot 

of time after the initial filtering occurred due to differences in the input data, a more effective 

systematic filtering is of interest. To choose a smaller urban city or parts of an urban area to 

investigate the potential of this method, its accuracy and to investigate the potential airborne 

LiDAR vegetation investigations have. For example, has Niedzielko et al. (2024) investigated 

airborne LiDAR and machine learning for urban tree mapping specific tree species. As a field 

with several possibilities withing deep learning this is an interesting further research topic and 

a possibility in the filtering process to use deep learning.   

  

At last, it would be beneficial to investigate why there is a decrease in vegetation in certain 

areas more than in other areas. What is the main cause of vegetation loss in an urban 

environment in the Gothenburg region? It would be beneficial to include previous and present 

comprehensive plans to create more detailed information about the planning and how it is 

connected to the vegetation changes. 
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6. Conclusions 

In summary, the study reveals significant changes in vegetation dynamics within Gothenburg 

from 2010 to 2022. The analysis conducted through the chosen methodology indicates an 

overall net increase in high vegetation across the municipality, exclusive of the islands, 

resulting in +14.02 km2 (179 743 trees with a crown diameter of 10 m). There has been a loss 

of -9.17 km2 or 117 178 trees, which primarily relates to the establishment of new residential 

developments, showing a prioritization of urban infrastructure over green space preservation. 

Spatial analysis reveals a distinct pattern were the outer regions of the municipality 

experience more significant vegetation loss than the inner urban districts. 

 

The increase in vegetation can be partly attributed to climate change, which extends the 

growing seasons. However, it is significantly influenced by the highly complex and 

challenging classification process, resulting in numerous errors in the recorded vegetation 

growth. Various filtering processes have been attempted to mitigate these errors, but they 

have largely been unsuccessful due to the dynamic and complex nature of the urban 

environment. 

 

To use airborne LiDAR to investigate high vegetation in urban areas is beneficial when 

seeking a detailed view of the changes. Since the urban area is filled with noise that is easily 

detected as vegetation, the filtering process of classifying trees correctly is extensive. To 

enhance the accuracy of this method to reflect reality without the need for manual noise 

removal, added tests across numerous studies on a smaller scale are needed. Alternatively, 

starting with input data that is consistent but differs across different temporal scales could be a 

workable approach.  
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8. Appendix 
Appendix 1: 2010 dataset extent 

 

 

Appendix 2: Wrong classified small power lines 
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