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1. Introduction 
 

Nowadays, more than 50% of the world´s population is living in urban areas and the number is 

expected to increase in the future (United Nations 2018). Due to urban expansion and popula-

tion growth, cities are constantly changing, and this poses challenges for urban environments. 

The lack of land area increases the destruction of valuable natural environmental regions, and 

these changes will directly or indirectly affect urban green spaces. The concept of urban green 

space defines all vegetation found in the area, trees, gardens, grasslands, urban forests, and 

other vegetated regions for instance (Zhou et al. 2018). These areas play an important role both 

in residents’ well-being and in societies’ struggle against global warming and therefore are 

crucial places to consider among urbanization (Co-carbon 2021).   

 

As mentioned above, urban green spaces have many benefits and these areas are increasing the 

land value and improving residents’ health and overall well-being (Green Environment Asso-

ciation 2017). Lee and Maheswaran (2011) did an extensive review of health benefits, and 

overall, they concluded a positive advantage to residents’ physical and mental health. Green 

areas also affect the surrounding environment by cleaning the air, enhancing water quality and 

reducing noise pollution (Green Environment Association 2017). In addition to the health and 

environmental benefits, the green areas are essential for residents overall comfort. For example, 

almost 45% of urban residents in Finland consider these environments as a significant factor in 

creating comfort in a residential area (FEI 2017). Globally, the importance of those spaces for 

residents has led to growth targets in many cities for urban vegetation and green spaces (Doick 

et al. 2017; Zhou et al. 2018).  

 

To recognize green space growth or changes in general, change detection is a reliable source of 

information when considering the changes in green space. In this study, trees under the concept 

of green space were studied. Change detection is the process of extracting information from 

two or more datasets acquired from the same geographical region but at different times (Singh 

1989). Changes may occur in a short or long period of time and change analysis requires multi-

temporal datasets collected repeatedly from the same area. According to several studies, the 

most used methods in change detection investigations have been different 2D remote sensing 

images, usually acquired from satellites or aerial images (Jensen & Im 2007; Teo & Shih 2013; 

Qin et al. 2016). However, those methods have certain limitations such as lack of information 
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about vertical structures and shadow areas in the image (Xiao et al. 2012; Tran et al. 2015; 

Okyay et al. 2019). Laser scanning instead provides 3D information of the area and therefore 

vertical properties can be detected. Therefore, it has become a common tool for urban mapping 

and planning (Tanhuanpää et al. 2019).   

 

There are three different ways to acquire laser scanning data: airborne laser scanning (ALS), 

terrestrial laser scanning (TLS), and mobile laser scanning (MLS) (Holopainen et al. 2013). All 

these methods create a point cloud where the x- and y-coordinates represent the position and z-

coordinate represents altitude. Technically those methods vary from each other, but all are ca-

pable to detect urban trees in high detail and accuracy (Tanhuanpää et al. 2019). In this study, 

the ALS data acquired from the airborne platform was used. It allows to detect urban tree cover 

and the changes in height over larger area than other laser scanning techniques. In addition, 

regularly acquired laser scanning data adds value to the need for up-to-date urban tree cover 

information and provides multi-temporal approaches.  

 

Nowadays there are more laser scanning data available than a few years ago, and therefore the 

use of multi-temporal ALS data has increased among researchers (Okyay et al. 2019). Change 

detection approaches have become more achievable for researchers. However, it is very likely 

that because of the speed of methodological development, the data with different ages cannot 

be directly compared with each other. It can be expected that through the time the ALS param-

eters vary between datasets; such as scanners and point densities, which in general influence 

data processing (St-Onge & Vepakomma 2004).  However, in terms of tree cover and height 

change detection, there are relatively few studies about detecting changes using different ALS 

datasets, and studies where ALS parameters are varying greatly. Besides, those studies are 

mainly focused on relatively homogeneous forested areas or to detect changes in buildings (for 

example Murakami et al. 1999; Yu et al. 2006). This has also motivated this study to examine 

the issue.  

 

This study aimed to investigate how suitable multi-temporal ALS datasets from Helsinki are 

for urban tree cover change detection. Changes were detected from canopy height models and 

both tree cover loss and increase of canopy height were detected. Based on the earlier 

knowledge, Kuninkaantammi was selected as a case study area because the area has been ac-

tively built during the study period. In addition, land cover in the area includes both buildings 
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and forests to study the use of multi-temporal ALS data in sub-urban area. All openly available 

multi-temporal ALS datasets from the Kuninkaantammi area were selected for analysis.  

 

The more specific research questions were as follows: 

 

1. How suitable multi-temporal ALS data is for the change detection in the Helsinki 

area? And specifically,  

what kind of problems arise when comparing multi-temporal ALS datasets of 

Helsinki? And, how to reduce problems related to data processing? 

2. How has tree cover changed between 2008–2015, 2015–2017, 2017–2020, and 2008–

2020 in the area of Kuninkaantammi, Helsinki? And specifically,  

what is the average increase in canopy height? And what are the places and a 

proportions of tree cover loss areas?  
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2. Background 

2.1 Urban green and urban trees 

 

Urban green spaces consist of many individual urban trees as well as urban forests and any 

vegetated areas in streets, yards, open spaces, and parks (Haaland & van den Bosch 2015). 

Those are usually located next to settlements in the urbanized surroundings. The amount of 

urban green spaces varies from city to city, but according to FEI (2013) there are more green 

spaces in Finnish cities than in European cities in general, although dense urban development 

has reduced the area of green spaces since the 21st century (Helsinki building agency 2014). 

However, cities are constantly changing and evolving, and urban expansion affects urban green 

spaces (Wang et al. 2020). According to Nowak and Greenfield (2020) population density af-

fects urban tree cover so that when the population density increases the percentage of green 

spaces decreases. Therefore, as part of ecosystem services, green areas should be taken into 

account in urban planning and management (Haaland & van den Bosch 2015).  

 

Urban trees play a major part in urban green spaces, which may appear individually or in for-

ested areas. In addition, trees can be either planted or naturally sprawled, and susceptible to 

human impact (Riikonen 2016). Usually, the density of trees varies across the city, and fewer 

trees exist in city centers than in the outskirts of the city. According to Tanhuanpää et al. (2016) 

tree areas can be divided into four different groups: roadside trees, yard trees, park trees, and 

recreational forests. For example, in the city of Helsinki, there are approximately one million 

trees in public green spaces (Malinen et al. 2020). According to the city of Helsinki building 

agency (2014) most of these trees grow in parks, and there are more than 200 different tree 

species. The most common park trees are lime trees, birches, and maples but in general the most 

common species are pines, spruces and birches (Peltola 2016; eds). Together those trees have 

many benefits for residents' well-being and health and for the environment in general 

(Tyrväinen et al. 2005; Lee & Maheswaran 2011). One example is that trees in Helsinki absorb 

approximately 126 000 kg of air pollution per year which can be compared to a saving of around 

1.5 million euros in healthcare cost per year (FEI 2020).  

 

The importance of urban trees and forests can be divided into five different categories 

(Tyrväinen et al. 2005). Trees provide social, aesthetic, climatic, economic and ecological ben-

efits. According to the classification proposed by Tyrväinen et al. (2005) social benefits are 
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related to recreational areas as well as to the impact on physical and mental health. In addition, 

urban trees provide aesthetical benefits like seasonal variation of growth between autumn, sum-

mer, winter and spring. Ecological benefits are related to living places for flora and fauna and 

economic benefits for example to the increase of property value. Climatic benefits are that trees 

decrease the surrounding temperature, control wind, and mitigate noise as well as reduce air 

pollution. In conclusion, these tree-covered and forested areas are important for improving the 

quality of life for urban dwellers. In general, the benefits are classified as physical, biological 

and social benefits, for example Nowak and Greenfield (2020) but including the same catego-

ries as the more detailed classification presented earlier by Tyrväinen et al. (2005).   

 

Due to the mentioned benefits, urban trees, and green spaces, in general, need to be included in 

urban planning and management. Besides, according to Tanhuanpää et al. (2019) there is a need 

for up-to-date and detailed information on urban trees. For example, Helsinki has a tree register 

system in use which contains information on all individual street and park trees in public areas 

and the data needs to be updated regularly (City of Helsinki 2019). Furthermore, there is need 

for improved monitoring of other urban trees and vegetated areas than those in the register. 

These kinds of forested areas cover local small forests, forests in sub-urbans and in the edges 

of cities. 

 

2.2 Airborne laser scanning 

Laser scanning is an active remote sensing method that utilizes its own active light source to 

measure the target point´s position relative to the sensor (Holopainen et al. 2013; Eitel et al. 

2016). Therefore, the method is not dependent on reflected solar radiation like passive methods 

and they can operate both daytime and nighttime. One advantage is also that the method creates 

accurate 3D-information of a target (Maltamo et al. 2014).   

 

ALS creates a point cloud where each individual point contains information in x, y, and z (alti-

tude) coordinates. When measuring each data point, precise information about the laser scan-

ner’s position and orientation are essential to determine each point’s coordinates correctly (Hol-

opainen et al. 2013). A combination of GPS and IMU (Inertial Measurement Unit) is used to 

reconstruct a flight path. Both provide accurate position information, but the IMU system also 

includes information on the roll, pitch, and yaw of the survey platform (Vosselman & Maas 

2010). In addition to location, the distance between the target and the device is measured. The 
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distance is based on laser pulse´s travel time which can be measured with a laser that uses either 

phase shift or time-of-flight principle (Holopainen et al. 2013). In the time-of-flight method, a 

short laser pulse is sent towards the target to be measured, and the distance traveled by the laser 

beam is calculated from the back-and-forth travel time of the laser pulse (Shan & Toth 2009). 

In the phase shift method, the laser beam transmits a continuous signal and calculates the dis-

tance between the outgoing and incoming signal by the phase difference. 

 

The parameters of ALS devices can differ from each other. For example, point density is one 

parameter that defines what can be determined from the data (Holopainen et al. 2013). Each 

scanning sends a continuous laser pulse towards the ground. Depending on the flight altitude, 

flight speed, pulse repetition frequency and scanning angle, the point density may vary between 

0.2 to approximately 50 p/m2 (Vosselman & Maas 2010; Holopainen et al. 2013). The ALS 

device can record multiple returns or entire wavelength depending on the device. At least the 

first and last returns are recorded and in dense vegetation ALS might record only one return 

pulse (Holopainen et al. 2013). The first return consists of the highest point of the object for 

example from vegetation or building, and the last return from the lowest point of the object 

usually ground. Figure 1 shows multiple returns from a tree.  

 

 

Figure 1. Returning pulses from a tree modified from Holopainen et al. (2013:21). 

 

However, the first return is not always formed from the highest part of a tree canopy. Suarez et 

al. (2004) defined various scenarios from which the return is formed. One scenario is that the 

laser hits the precise top of the tree, and a return is formed from the actual point. Most likely, 

the laser does not hit the true top of the tree but a little lower. In addition, smaller trees might 

be ignored if taller trees are next to them and the return might be formed frequently higher than 
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the tree really is. All these scenarios are affected by the point density and even the whole tree 

can be unnoticed at the sparse density.  

 

Usually, laser-scanned point clouds are saved in las/laz file format based on LAS standards 

(ASPRS 2011). The American society for photogrammetry and remote sensing (ASPRS) has 

specified LAS format standards to provide an open and common format and tools for different 

software. The data is put into the las file format in software that generates x, y, and z point data 

by combining GPS/IMU data and laser pulse range data (OGC 2018). Las file is intended to 

contain laser point cloud data records. Las file is based on specified point data records format 

(0-10), which differs in terms of the available data fields. For example, classification is one 

field, and based on the las specification. Table 1 illustrates point classes for point data record 

format 0-5. Formats 6-10 have more classification classes specified. 

 

Table 1. ASPRS specified classification classes (ASPRS 2011:11) 

Classification value (bits 0:4) Meaning 

0 Created, never classified 

1 Unclassified 

2 Ground 

3 Low vegetation 

4 Medium vegetation 

5 High vegetation 

6 Building 

7 Low point (noise) 

8 Model key-point (mass point) 

9 Water 

10 Reserved for ASPRS Definition 

11 Reserved for ASPRS Definition 

12 Overlap points 

13-31 Reserved for ASPRS Definition 

 

 

Point cloud classification and different elevation models are some of the result products when 

processing the point clouds (Holopainen et al. 2013). Models are presented as a raster grid and 

point cloud density affects the size of a grid. The digital elevation model (DEM) is a numerical 

presentation of elevation, and it is stored as a regular grid or a triangulated irregular network 

(TIN), and the digital terrain model (DTM) describes the variation of terrain heights, and it is 

calculated from the lowest last returns (NLS 2021a). The digital surface model (DSM) instead 

describes the highest object in the area (Holopainen et al. 2013). It is created from the first 
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returns, and it is a presentation of the top of the canopy or building. In vegetation studies, also 

the canopy height model (CHM) is computed by subtracting DTM from DSM or calculated 

directly from normalized point cloud (Hyyppä et al. 2004). CHM is also called the normalized 

digital surface model (nDSM). Figure 2 illustrates differences between DSM, DTM, and CHM. 

 

 

Figure 2. Digital surface model (DSM), Digital terrain model (DTM), and Canopy height 

model (CHM).  

 

 

 

2.3 Airborne laser scanning in urban tree studies 

The use of ALS has increased considerably since the mid-1990s and therefore ALS method in 

vegetation studies has been studied extensively (Maltamo et al. 2014). Particularly the method 

has been used to detect individual trees as well as forested areas (Hyyppä et al. 2006; Tanhuan-

pää et al. 2019). With ALS, vertical and horizontal properties can be examined which is effec-

tive in vegetated surroundings, and therefore variables to height and density can be derived 

(Lindberg et al. 2012).  

 

Hyyppä et al. (2004) has described different methods to extract forest variables from ALS data. 

Depending on the study needs, these are possible methods for urban tree studies. One of the 

methods to extract variables is to extract it from CHM, which however, rely on accurate DTM 

and DSM. One can extract values from; 1) the combination of ALS and aerial image, 2) the 

intensity and waveform information, and 3) through change detection. In addition, statistical 

variables can be extracted from ALS data. Hyyppä et al. (2004) summarize ITD (Individual 

Tree Detection) and ABA (Area-based approach) approaches to the extraction of statistical var-

iables. However, as said by Holopainen et al. (2013), the point density determines how urban 
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tree cover mapping can be performed. For instance, ABA can be used to interpret sparse data 

(0.5‒2 points/m2) while ITD requires denser point density (>5 points/m2). Depending on the 

used methods, basic height- and density-related metrics can be calculated from the data. Exam-

ples of typical metrics derived from ALS are illustrated in table 2. According to Hyyppä et al. 

(2004), ALS metrics provide important information for example on tree species, tree growth, 

or harvested trees. 

 

Table 2. Examples of ALS derived metrics based on Zhang et al. 2017. 

 ALS metrics Description 

 Percentile heights (h25, h50, h75 and h95) The percentiles of the canopy height distri-

butions of first returns 

Height-

based 

Mean, Maximum, and Minimum height 

(hmean, hmax, hmin) 

Mean, max, min above ground of all first 

returns 

 Coefficient of variation of heights (hcv) Coefficient of variation of heights of all 

first returns 

 Skewness and Kurtosis of heights 

(hskewness, hkurtosis) 

The skewness and kurtosis of the 

height of all points 

Density-

based 

Canopy return density (d1, d3, d5, d7 

and d9) 

The proportion of points above the 

quantiles (10th, 30th, 50th, 70th and 

80th) to total number of points 

 Canopy cover above X m (CCxm) Percentage of first returns above X m 

 

 

ALS can be used to model the urban trees at both horizontal and vertical levels but there are 

still some problems. For example, according to Tanhuanpää et al. (2019) and Baines et al. 

(2020), cities are diverse, and areas are varying from single trees to dense forests. Besides, the 

number of tree species might be greater than in forests, and buildings are present. These both 

effects might affect extracting vegetation objects from the point clouds. In addition, according 

to Xiao et al. (2012) datasets classified automatically into vegetation categories typically have 

misclassified objects and need to be improved and handled. Two types of errors exist in auto-

matically classified datasets: omission and commission errors, which can be recognized by vis-

ual interpretation (Xiao et al. 2012). Commission error occurs when small non-vegetation ob-

jects are classified as vegetation and omission error when vegetation is classified as other ob-

jects. In addition, the spectral resolution of the ALS devices is usually limited to a narrow 

wavelength, and to detect tree species properly there might be a need for additional remotely 

sensed datasets (Tanhuanpää et al. 2019).  
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In addition, ALS data is also affected by seasonal variation ‒ especially in vegetation studies 

(Holopainen et al. 2013; Matikainen et al. 2017). Therefore, according to Matikainen et al. 

(2017), it is desirable to obtain ALS data in a leaf-off condition when identifying ground and 

small objects, such as objects under the trees like poles, traffic signs and others. The best time 

to detect small objects is early spring when all the snow has melted, but in vegetation studies, 

a leaf-on state is typically desired. In change detection studies, it is advantageous to utilize data 

always from the same season.  

 

2.4 Change detection using airborne laser scanning 

Change detection is based on the detection of short-term or long-term changes from two or 

more datasets compared with each other (Singh 1989). Changes in the same geographical region 

can occur in various time steps: in an hour, a month, or over the years. Eitel et al. (2016) dis-

closed the concepts of hyper-temporal and multi-temporal. Hyper-temporal changes occur in a 

short time (< month), especially after a catastrophe, such as a flood or an earthquake, and up-

to-date data is required. Multi-temporal changes, in turn, happen in more extended time (> 

month). In this study, multi-temporal changes were detected between 2008 and 2020.  

 

As the amount of multi-temporal ALS data has increased, the usability of method in change 

detection studies has improved (Okyay et al. 2019). Due to Matikainen et al. (2017), two ana-

lyzing methods exist in ALS-based change detection. The first method utilizes the latest ALS 

data and aerial images and compares those with each other. The second method, instead, if it is 

available, two or more ALS datasets are compared. According to Okyay et al. (2019), the use 

of the second method has increased significantly, but due to Teo and Shih (2013), depending 

on study needs, there might be a need for 2D remote sensing data as an explanatory variable. 

Both methods might require some data processing. To create comparable datasets so that 

changes can be detected, the importance of their processing is emphasized. According to Lu et 

al. (2004) the most important step in change detection studies is the pre-processing of the data. 

The processing of ALS datasets in change detection is not unambiguous and there are no stand-

ardized methods to process and analyze the data (Eitel et al. 2016). There are many kinds of 

methods to process the ALS data, and many aspects require further research. 
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A method where two or more ALS datasets are compared with each other includes difficulties. 

Okyay et al. (2019) highlighted challenges in ALS change detection. The most significant chal-

lenge is the incompatibility of the datasets. ALS datasets are primarily acquired for individual 

studies, and the compatibility of datasets has not been considered. Each acquired dataset and 

technique of ALS may differ between utilized data. As a result, it is challenging to process, 

analyze and interpret datasets. Another challenge is related to the point classification in the 

urban areas (Xiao et al. 2012; Okyay et al. 2019). In urban areas, points are obtained from 

various targets, like vegetation, buildings, bridges, and power lines. Therefore, classification 

inaccuracies can lead to an apparent change regardless of the change´s reality, and it has not 

been sufficiently considered in ALS studies.  

 

Change detection based on ALS can be implemented by various methods. One of the most used 

is the comparison of data at the raster level in the 2D (Hyyppä et al. 2006; Butkiewicz et al. 

2008; Rahman & Rashed 2015). Raster-based detection has been particularly popular because 

it is easy and quick to measure differences between raster layers. One method is to compare 

different elevation models, such as DSMs or CHMs from different points in time (Teo & Shih 

2013). In urban areas, vegetation (especially trees) and buildings represent the highest points in 

the area, which indicates the usability of DSM rasters. If the objective is to study only vegeta-

tion changes, CHM rasters without buildings are a logical choice.  

 

2.5 Availability of multi-temporal laser scanning data 

In Finland, multi-temporal ALS datasets are available, but it depends on the location of the 

study area. There are multi-temporal datasets existing in larger cities, but most of the Finland 

is scanned only once in the national survey. At the national level the data are produced by the 

National Land Survey of Finland (NLS) in cooperation with Finnish Forest Center (Finnish 

Forest Center 2021). The first nationwide scanning was carried out during 2008‒2019 and the 

second round will be done in 2020‒2025 (NLS 2021b). At the local (typically densely popu-

lated areas) level ALS datasets are produced by the cities. Almost all the materials are available 

either open access or for a fee.  Figure 3 illustrates the scanned areas during the first and second 

rounds. 
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Figure 3. Laser scanned areas and future survey plans in Finland. Future survey plans are 

presented in right (NLS 2021b).  

 

In the first round, the ALS data has been produced either once or multiple times from the same 

area (figure 3). For example, the Helsinki area has been scanned four times. The whole of Hel-

sinki was scanned in 2008 and 2015 and partial areas were scanned in 2013 and 2018. Accord-

ing to NLS (2021b) the nominal point density is 0.5 points/m2. 

 

The second round will be performed a little faster than the first round (figure 3). The second 

program will last about six years and it will be accomplished in 2025. According to NLS 

(2021b), the annually scanned area is approximately 55 000 km2, and the same area will be 

surveyed every six years. However, the northern Lapland will be scanned every 12 years after 

the second round. Laser scanning is performed from an altitude of 1.5–2.0 km and the point 

density is 5 points/m2. However, point density of open materials will be reduced to 0.5 

points/m2, and 5 points/m2 material will be subject to license.  

 

Municipalities (cities) and private companies also produce local ALS data. Typically datasets 

provided by the municipalities are open access while data provided by private sector is available 

only for a fee. Local datasets are typically limited to a specific year or even into certain point 

classes such as ground points. Among others the following Finnish municipalities (cities) are 

offering open access laser scanning data. The city of Espoo is offering ground point data from 

2013 openly and 2017 data is available for a fee (City of Espoo 2021). In addition, the city of 

Turku offers ALS data from 2017 (City of Turku 2021) and the city of Helsinki provides open 

data from 2015 and 2017 which was used in this study (City of Helsinki 2020).  
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3. Study area 
 

The study area - Kuninkaantammi - is located in the northwest part of Finland’s capital city, 

Helsinki in southern Finland. Figure 4 illustrates the location of Kuninkaantammi area in Hel-

sinki. The study area resembles a sub-urban area that is less densely populated than city centers 

but still emphasizing the built environment. Kuninkaantammi is 1.09 km2 in size and it is lo-

cated near the border of the Vantaa municipality next to the Helsinki Central Park and the Van-

taa River (figure 5).  The distance to the city center of Helsinki is approximately 10 km, and 

the travel time is around 30 minutes with public transport.  

 

 

Figure 4. Location of the study area Kuninkaantammi, Helsinki.  

 

According to the city of Helsinki (2021), the study area (Kuninkaantammi) is one of the grow-

ing areas in Helsinki and by the year 2027 the area will accommodate 5500 residents in total. 

Residential construction started in 2015 and previously it was mainly an industrial and forested 

area. Some of the premises have been deconstructed but for example the Pitkäkoski water treat-

ment plant is still remaining. Additionally, the Kuninkaantammi area has its targets to build a 

climate-wise district (City of Helsinki 2021). For instance, residential buildings are energy-
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efficient and utilize renewable energy. Also, ecologically sustainable solutions are built in the 

area, such as green roofs and urban farming areas. Figure 5 shows the area in more detail and 

the area consists of buildings as well as open or forested areas.  

 

 

Figure 5. Kuninkaantammi area is located next to Vantaa municipal and Vantaa river in the 

city of Helsinki.  

 

 

4. Data and methods 

4.1 Study design 

To obtain the objectives of this study to combine several ALS datasets the study was conducted 

in four different steps. First datasets were pre-processed which included creation of canopy 

height models. Then datasets were post-processed which included validating the canopy height 

models and masking non-vegetation objects. Then change detection was performed by calcu-

lating differences between datasets by subtracting 2008 from 2015, 2015 from 2017, 2017 from 

2020, and 2008 from 2020. Finally, results were analyzed by investigating urban tree cover loss 

and canopy height increase in the case study area. The whole workflow of the data and methods 

are presented in the figure 6.  



 15 

 
 

Figure 6. The general workflow of the study.  
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4.2 ALS data 

Several ALS datasets were used in this study. The main criteria for data selection was that all 

datasets should be openly available and the material could be obtained on a multi-temporal 

basis. In addition, all datasets should cover the whole Helsinki. Thus, there was available ALS 

data from two different data providers in the Helsinki area: the city of Helsinki (HEL) and the 

National Land Survey of Finland (NLS). A detailed description of each dataset is presented in 

table 3.  

 

Table 3. Airborne laser scanning (ALS) datasets used in this study. NLS metadata is available 

when downloading the data. HEL metadata is from Helsinki City Survey (2017). 

 NLS 2008 HEL 2015 HEL 2017 NLS 2020 

Coordinate system etrs-tm35fin etrs-gk25 etrs-gk25 etrs-tm35fin 

Point density 0.43 points/m2 20 points/m2 21.4 points/m2 0.5 points/m2 

Flight altitude 1300‒1900 m 550 m 550 m 959 m 

Elevation system N2000 N2000 N2000 N2000 

Elevation precision 0.15 m unknown unknown 0.10 m 

Scanning date 2.4.2008 7.5‒3.7.2015 22.7‒8.8.2017 13.6.2020 

Scanner Optech ALTM 

Gemini 

Leica ALS70 unknown RIEGL VQ780i 

 

 

The NLS has provided ALS data since 2008 (figure 3) (NLS 2020). Datasets can be downloaded 

either as automatically classified or stereo model classified. The stereo model is created when 

automatically classified material is further processed or reclassified. The point density of each 

material is sparse 0.5 points/m2. However, from 2020 onwards the point cloud is also available 

with a point density of 5 points/m2, but the latest 2020 data has been thinned from the original 

5 points to 0.5 points in square meters for open access. According to NLS (2020) the point 

classes are same as in the original 5 points data, but points classified as fault points have been 

deleted before thinning. The oldest 2008 data and the latest 2020 data can be downloaded from 

the NLS webpage (https://tiedostopalvelu.maanmittauslaitos.fi/). The 2008 data is stereo model 

classified and the 2020 data automatically classified. Datasets can be downloaded in 3x3 km 

size data sheets. Totally two data sheets were downloaded from each year to cover the entire 

study area. 

 

https://tiedostopalvelu.maanmittauslaitos.fi/
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City survey services in the City of Helsinki Urban Environment Division has collected ALS 

data in Helsinki area since 1999 (city of Helsinki 2020). However open access is available only 

for the years 2015 and 2017, and that is why those datasets were selected for this study. The 

point density of both datasets is dense 20‒21 points/m2. ALS data from the City of Helsinki can 

be downloaded in 0.5x0.5km sheets, and totally 13 sheets were downloaded each year to cover 

the study area. Datasets can be downloaded from the Helsinki map service (http://kartta.hel.fi/). 

 

All datasets used in this study provide different set of parameters, and those are discussed more 

closely in the Chapter 5. The greatest similarity is between datasets that are offered by the same 

data provider; NLS or HEL (table 3). In addition, different data provider have classified the 

data in a different manner, which is demonstrated in the table 4. Both HEL datasets have the 

same classification, but different NLS datasets have been classified differently.  

 

In addition to ALS data, some ancillary data was also used in this study. Building information 

was required for creating a mask layer because classification of buildings in the NLS point 

clouds was not attempted, and mask was required to remove buildings from CHMs. Buildings 

from the Helsinki City Survey service were used via the WFS interface service 

(https://kartta.hel.fi/ws/geoserver/avoindata/wfs) in QGIS software. The information about 

construction days was needed to classify buildings for each period and “Ra-

kennukset_alue_rekisteritiedot” was used in this study. Power lines, cranes and water areas 

were digitized by the author. Aerial images of the area were used to identify misclassified ob-

jects and to analyze goodness of results. These Helsinki City Survey images were used via the 

WMS interface service (https://kartta.hel.fi/ws/geoserver/avoindata/wms).  

 

 

 

 

 

 

 

 

 

 

http://kartta.hel.fi/
https://kartta.hel.fi/ws/geoserver/avoindata/wfs?request=getCapabilities
https://kartta.hel.fi/ws/geoserver/avoindata/wms
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Table 4. Description of classification from each ALS data used in this study where x=classi-

fied (Helsinki City Survey 2017; NLS 2020).   

Class Description NLS 2008 HEL 2015 HEL 2017 NLS 2020 

   0 Not classified          -          x         x         - 

   1  Unclassified          x          x         x         x 

   2 Ground          x          x         x         x 

   3 Low vegetation          x          x         x         x 

   4 Medium vegetation          -          x         x         x 

   5 High vegetation          -          x         x         x 

   6 Buildings          -          x         x         - 

   7 Low point (noise)          x          x         x         x 

   8 Keypoint          -          x         x         - 

   9 Water          x          x         x         - 

  10 Rail (Hel) / Bridge (NLS)          x          x         x         - 

  11 Road surface          -          x         x         - 

  12 Centerline (Hel) / overlap 

(NLS) 

         -          x         x         x 

  13 Wire – guard          -          x         x         - 

  14 Wire – conductor (Hel) / 

Stream (NLS) 

         x          x         x         - 

  15 Transmission tower (Hel) / 

Air points – clouds (NLS) 

         -          x         x         x 

  16 Wire – structure conductor 

(Hel) / Isolated (NLS) 

         -          x         x         x 

  17 Bridge deck (Hel) / 

Fault points (NLS) 

         -           x         x     deleted 

  18 High noise          -          x         x         - 

  19  First pulse          -          x         x         - 

  20 Overlap          -          x         x         - 

  50 Unclassified          -          x         x         - 

 

 

 



 19 

4.3 Creating canopy height models 

4.3.1 R package for point cloud analysis 

Canopy height models were calculated from multi-temporal datasets utilizing RStudio 1.3 in-

tegrated development environment for R software (RStudio Team 2020). The software was 

chosen because it is free to use and open-source software. In addition, it has processing pack-

ages for analyzing the laz format datasets. In this study, different height models were created 

by using the LidR package. A more detailed description of the LidR package’s possibilities can 

be found in the description of the material (Roussel et al. 2021). 

 

Roussel et al. (2020) has described how to use the LidR package for analyzing the laser scanned 

data especially ALS data. As stated, there is a growing interest in open-source software leading 

to the increasing use of the R environment among remote sensing researchers. LidR package 

enables users to easily manipulate and analyze the point cloud data. The advantage of the pack-

age is that it provides at least two options for any given task and gives the researcher alternative 

study methods.  

 

The LidR package also offers a LAScatalogue processing engine to process large areas. Catalog 

divides the material into chunk size that is processed one at a time. In this study LAScatalogue 

was used to facilitate the calculations for each dataset. At first the datasets were processed on 

actual grid size but chunk size was set to fit each dataset after normalization (appendices 1 & 

2). City of Helsinki data was processed first in 500x500m size and then after normalization in 

250x250m size. NLS data was processed first in 3000x3000m grid size and after normalization 

in 1000x1000m. Point cloud normalization will be described later. 

 

4.3.2 Filtering the data 

Usually, ALS datasets are large to process, and typically the first step is to filter points to make 

data processing faster and feasible. Each dataset was filtered before point cloud normalization 

and canopy height model creation to reduce the size of the material (figure 6). Standardized 

classes defined by ASPRS were used in this study (ASPRS 2011). The lidR package allows 

reading only points of interest using a “filter” and “select” functions (Roussel et al. 2021). The 

filter “keep_class” was used to select the classes of interest. In this study, the categories clas-

sified by the data providers were used and the list of all classes can be seen in table 4. There is 

also a script example in the appendices 1 and 2. Then ground points and vegetation points were 
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filtered from the data. Classes 2 (ground), 3 (low vegetation), 4 (medium vegetation), 5 (high 

vegetation), and 8 (keypoint) were filtered from each Helsinki 2015 and 2017 datasets. Classes 

2‒5 were selected from each NLS 2008 and 2020 datasets. The filtering tool “drop_z_above 

40” was also used to exclude high-noise points such as returns from flying birds.  

 

In addition, the LidR package allows to “select” data of interest to save processing memory 

(Roussel et al. 2021). It is also called attribute selection. In this study, x, y, and z coordinates 

were selected from each point cloud. Also, as seen in Appendices 1 and 2, the information about 

classification (c), return number (r), and intensity (i) were retained in the data.  

 

4.3.3 Canopy height models 

After filtering the datasets, canopy height models (CHM) were created for each year (figure 6). 

Point cloud normalization was performed first to remove the effect of terrain from the above-

ground measurements. It makes it possible to compare the height of vegetation. In RStudio, 

normalization can be done from the point cloud or by using DTM. In this study, height normal-

ization was done through the point cloud. This method interpolates the elevation from ground 

points and after normalization all the ground points should be 0. Function “normalize_height()” 

was used in this study with TIN (Triangulated Irregular Network) spatial interpolation function.  

 

After point cloud normalization, CHMs were created, which represent the highest elevation of 

returns in the raster layer. Function “grid_canopy()” was used, and a resolution was set into 2 

meters for each dataset. Pit-free algorithm was selected for its utility and suitability for forested 

areas (figure 7). The algorithm was originally developed by Khosravipour et al. (2014). A pit-

free algorithm was originally created and used in this study to avoid pits in CHMs. Pits are 

referred to as holes or uncertainties in tree height, and pits might cause an error in CHM (Jamru 

2018). Also due to Jamru (2018), pit-errors may occur when a laser beam penetrates through 

vegetation before having the first return. The method uses a height-normalized point cloud to 

construct CHM and represents levels of thresholds where Delaunay triangulations are applied 

to the first returns. Figure 7 shows the algorithm’s principle, where thresholds are set based on 

this study to 0, 2, 5, 10, 20, and 25. Threshold 0 is a standard CHM with pits and it takes into 

account all first returns. On the other hand, threshold 2 takes into account first returns for tri-

angulation with a height of 2 meters and above and continues then the same way.  
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Figure 7. Pit-free algorithm principle based on the original figure of Khosravipour et al. 

(2014:865). 

 

The pit-free algorithm allows defining max edges and subcircle values to smooth the resulting 

CHM (Roussel et al. 2021). The settings affect a resulting CHM, and the result is smoother and 

it contains fewer pits and empty pixels. According to the description of the LidR package (2020) 

max edge is a maximum length of a triangle in Delaunay triangulation where the first value is 

for classical triangulation and the second for the pit-free algorithm (appendix 1 & 2). By in-

creasing the max edge value, CHM is much smoother but also less realistic.  

 

In addition, the pit-free algorithm allows to define subcircle values which are the radius of the 

circles. It replaces each return with 8 points around the point. The result is a smooth and wider 

tree crown. However, it is notable that each magnification of the subcircle reduces the mate-

rial’s reality (Isenburg 2014). In this study, few different max edge and subcircle values were 

tested and final decision is presented in the results (chapter 5).  

 

The resulting CHMs were pre-processed in RStudio to remove no-data areas and values below 

zero. An example of no-data area is presented in figure 8, where a large water area returned to 
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get no-data values. Those no-data pixels were set into zero. There were also values below zero 

which were also set into zero defining ground. Rasters were downloaded in GeoTIFF format 

and placed on QGIS software for further analyses.  

 

 

Figure 8. Example of No Data values in the city of Helsinki 2015 dataset. Large white area 

and single white pixels got no raster value in the left figure. On the right noData values are 

filled.  

 

4.4 Change detection 

Post-processing and change detection analysis were performed using QGIS 3.10 A Coruña soft-

ware (QGIS Development Team 2020). Before calculating changes between CHMs, different 

post-processing operations were done (figure 6). In order to calculate changes, datasets must 

use the same coordinate system. The conversion was made to the HEL data to correspond to 

the same coordinate system as NLS data. The conversion was performed using the GDAL raster 

projection algorithm where HEL datasets 2015 and 2017 was set into the ETRS-TM35FIN ref-

erence system. Buildings obtained from the WFS interface were also reprojected to the same 

coordinate.  

Datasets had also varying areal extents. Two 3000x3000m sheets were used from the data of 

NLS 2008 and 2020, and thirteen 500x500m sheets from the HEL datasets 2015 and 2017. In 

order to limit the coverage of the area, the datasets were clipped to the same size as the Ku-

ninkaantammi area by using the SAGA clip raster with the polygon tool. The reason for clipping 

was to avoid noise outside of the Kuninkaantammi region and focus on the study area.   

After above mentioned data processing steps each CHM was examined visually to localize pos-

sible non-vegetation objects. All non-vegetation objects were removed from the dataset with 
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different mask layers. In each CHM, buildings and power line were masked out. In 2015 and 

2017 datasets the buildings were classified separately from point cloud by the data provider so 

the building from these classes was used to create a mask layer in RStudio (table 4). Script 

example is shown in appendix 3. Buildings were vectorized in QGIS software with raster to 

vector tool.  

However, in the NLS datasets from 2008 and 2020, buildings were not classified separately 

from point cloud. Separate building data was used to create a mask layer. The buildings were 

selected from the attribute table to match each year by selecting the buildings constructed before 

the scanning date. Scanning dates can be seen in table 3. Data from 2008 was scanned in 

2.4.2008 so that date was set into attribute selection. For 2020 data the scanning date 13.6.2020 

was set. In addition, there were buildings under construction and demolished buildings that 

were not in the used building data. Those were digitized by the author.  

The power line was digitized by the author because power lines from a topographic map pro-

duced by NLS were tested but those were not perfectly following the powerline in CHMs. From 

2008 and 2015, CHMs large pond area (water body) got elevation values. To avoid misunder-

standing in resulting change detection, also the pond area was digitized by the author. In addi-

tion, large cranes were digitized from 2017 data. Digitization was performed in QGIS by cre-

ating a new vector layer, and with visual interpretation following the rasters carefully when 

digitizing (creating) the object.  

With the resulting layers, a mask layer was created using the differencing tool to create a layer 

where masked objects are empty. With clip raster with a mask layer, each CHM was masked 

for buildings, power lines, water area in 2008 and 2015 data and cranes in 2017 data. The re-

sulting gaps in CHMs were filled by using RStudio to set nodata-values to 0 i.e. areas without 

canopy cover. This was performed by the same procedure as in the pre-processing (appendix 1 

& 2).  

After post-processing the changes between CHMs were calculated with the raster calculator 

tool in QGIS. The older CHM was subtracted from the newer CHM. In this study the differences 

between 2008‒2015, 2015‒2017, 2017‒2020, and 2008‒2020 were examined. The resulting 

values are either negative or positive where negative ones indicate decrease of canopy height, 

and positive ones increase of canopy height. Then, areas having loss of tree cover and increased 

canopy height were identified. The height threshold was set into -5 m for tree cover loss and 2 
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m for identify increased areas. After identification, the area of tree cover loss and increase in 

canopy height was obtained by using QGIS Raster analyzing tools.  

 

5. Results 

5.1 Evaluating the usability of multi-temporal ALS datasets 

One of the aims in this study was to investigate how successful multi-temporal data is as part 

of change detection studies in an urban environment. Results are based on the problems en-

countered during the process and their solutions. Results were examined with parameter infor-

mation from each ALS data, and with visual interpretation.  

 

5.1.1 Differences of ALS datasets 

The results were examined by analyzing the differences between datasets 2008, 2015, 2017, 

and 2020. One of the problems confronted in the use of multi-temporal ALS datasets was the 

diversity and incompatibility of the datasets. Of four datasets from two data providers NLS, 

and HEL the difference between datasets was greatest between data providers (table 5). Gradual 

point density ranged from NLS 0.5‒1.0 points to HEL 20‒42 points per square meter. Total 

point amount varied significantly between datasets. All downloaded sheets from data providers 

included 20.76 million points in 2008 data, 113.32 million in 2015, 138.55 million in 2017, and 

17.38 million points in 2020 data.  

 

In addition, flight altitude varied from year to year and the altitude of both HEL datasets was 

lower (550 m) than NLS datasets (range 959‒1900 m). Both HEL datasets were classified into 

a total of 22 different classes, while the 2008 data was classified into 7 classes, and 2020 data 

into 9 classes (table 4). Buildings were separately classified in both Helsinki datasets which 

was not the case with NLS datasets. Also the scanning seasons were different (table 3). In years 

2015, 2017, and 2020 scanning had been made in the spring/summer (May-August) on leaf-on 

condition while the 2008 data was scanned in April when leaf-off condition occurred. On the 

other hand, the 2015 datasets were scanned during May‒August and therefore the exact date is 

unknown. The data may have been produced in May when deciduous trees are not in full leaf-

on condition. However, the datasets were relatively similar by the data provider, and therefore 

both NLS datasets were processed in the same way, and both HEL datasets were processed in 

the same way.  
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Table 5. Dissimilarity between datasets is the most significant problem in the use of multi-

temporal ALS datasets. Both NLS datasets, and both HEL datasets were relatively similar, 

and they were processed at the same way. 

Parameter NLS 2008 HEL 2015 HEL 2017 NLS 2020 

Point density 

(at least/reality) 

points/m2 

 

0.5/1.2  

 

20.0/35.5 

 

21.0/42.6 

 

0.5/1.0 

Points/all down-

loaded files 

(millions) 

20.76 113.32 138.55 17.38 

Flying altitude 

(m) 

1300-1900 550 550 959 

Buildings classi-

fied  

no yes yes no 

Leaf condition off on/off on on 

 

 

5.1.2 Defining pre-processing needs 

The most important factor in change detection studies is that the datasets are comparable. In 

this study the datasets from NLS affected the most to achieve similarity between datasets. Based 

on the point density which was approximately 0.5 points/m2 in NLS datasets, two-meter reso-

lution was tested in this study (table 5). Based on the results, two meters was the smallest res-

olution size for this study with these datasets. There was still some need for smoothing each 

CHM. NLS data needed higher max edge and subcircle values than the HEL data (appendixes 

1 & 2).  HEL data was denser and much smoother in terms of point density and minor smoothing 

was enough. In this study, max edges were set on 0 and 2 for NLS datasets and 0 and 1.5 for 

HEL datasets. Nonetheless it seemed relevant to set the subcircle value to 0.2 for NLS data in 

this study due to lower point density. In addition, subcircle value 0.2 was used for both NLS 

datasets and 0.1 for both Helsinki datasets. A circle replaced each return with a radius of 20 cm 

(diameter 40 cm), or 10 cm (diameter 20 cm). However, the NLS 2020 data could not be 

smoothed properly. The 2020 data produced a lot of individual pixels regardless of resolution 

or algorithm values. The problem is highlighted when detecting changes between CHMs.  

 

Data filtering also played a significant role in having the best results. Each dataset contained 

high-noise points. In other words, there were z-values from up to 200 meters high. Filtering 

those high-noise points improved the study and allowed more accurate investigation of the 

changes in canopies. Z-value was set to 40 m because the trees in the area were not higher than 



 26 

that and there were few high-noise points in the datasets. However, classification varied be-

tween datasets (table 4). The Helsinki datasets were classified in more detail than the NLS 

datasets, which allowed, for example, the buildings classes to be utilized at a later stage of the 

study. Also by filtering classification classes, the datasets were faster to run in RStudio. Vege-

tation and ground points were selected from the classification. However, his did not affect the 

masking needs of non-vegetation objects in each CHM. After pre-processing steps presented 

above CHMs were obtained from the data.  

 

Each CHM was analyzed with visual interpretation to identify non-vegetation objects. Figures 

9‒12 illustrate pre-processed CHMs from each dataset that was used in this study. As seen in 

figures, each CHM included non-vegetation objects that would affect change detection calcu-

lations and must be masked out. The most visible objects were buildings and power lines in 

each CHM. Smallest visible objects were water area (figure 9 & 10), and cranes (figure 11) in 

the 2015, and 2017 datasets.   

 

 
Figure 9. Canopy height model from 2008. Original data from the National Land Survey of 

Finland.  
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Figure 10. Canopy height model from 2015. Original data from the city of Helsinki.  

 
Figure 11. Canopy height model from 2017. Original data from the city of Helsinki.   
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Figure 12. Canopy height model from 2020. Original data from the National Land Survey of 

Finland.  

 

The descriptive statistics for each pre-processed CHM can be seen in table 6. The table shows 

that the maximum height (Hmax) varies from 34 m to 40 m. The mean height (Hmean) is 8.4 m to 

2008 data, 9.25 m to 2015 data, 8.81 m to 2017 data, and 6.98 m to 2020 data. Standard devia-

tion is 7.45 m in 2008 data, 8.66 m in 2015 data, 8.97 m in 2017 data, and 8.23 m in 2020 data.  

 

Table 6. Statistics of each pre-processed CHMs in meters.  

 2008 2015 2017 2020 

Hmin 0 0 0 0 

Hmax 39.22 34.99 39.92 37.64 

Hmean 8.40 9.25 8.81 6.97 

Stdev 7.45 8.66 8.97 8.23 
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5.1.3 Post-processing  

 

Post-processing needs were identified by visual interpretation from each pre-processed CHMs. 

Post-processing is an important task to make datasets comparable and to detect changes of tree 

cover. All identified non-vegetation objects are illustrated in table 7. There was a need for 

building, power line, crane, and water area masks to extract non-vegetation objects from CHMs. 

Separate building data was required for both NLS datasets. Unfortunately, the NLS building 

mask did not cover all buildings. The missing buildings could have been either demolished or 

under construction, as the material contained information only on built buildings. For 2008 

data, 3 buildings were added, and for 2020 data, 17 buildings were added. Buildings were clas-

sified in both HEL point cloud data, and those were rasterized. There was no need to add any 

building. However, errors in classification were noted during visual interpretation. Aerial im-

ages were used to identify misclassified buildings. In 2015 data there were 11 questionable 

buildings, and in 2017 data one questionable building. Those were classified as building but 

through visual interpretation it seemed that those were vegetation, or buildings were under the 

trees and therefore tree interpretation is incorrect.  

 

Each building needed buffering and every building was buffered with a 4-meter buffer. Other-

wise, pixel values would have come from their edges, and in the results, they would have ap-

peared as vegetation. Power lines were digitized due to the inaccuracy of different materials. 

There was also need for buffering, and power line was buffered with 8-meter buffer to avoid 

misclassification. Also, there are no other materials for cranes, so they are the easiest to remove 

manually. Two cranes were removed from 2017 data.  Also, the 2008 and 2015 water area was 

easiest just to digitize (table 7). 

 

Table 7. Masked non-vegetation objects from each CHM. 

 NLS 2008 HEL 2015 HEL 2017 NLS 2020 

Building data separate data, 3 

buildings added 

from point 

cloud, 11 ques-

tionable 

from point 

cloud, 1 ques-

tionable 

separate data, 

17 buildings 

added 

Power line present and dig-

itized 

present and dig-

itized 

present and dig-

itized 

present and dig-

itized 

Water area present and dig-

itized 

present and dig-

itized 

no effect on re-

sults 

no effect on re-

sults 

Cranes no no 2 present and 

digitized 

no 
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Post-processed CHMs are shown in figures 13‒16. All relevant non-vegetated objects that were 

visible in the pre-processed CHMs (figures 9‒12) were removed from the data. Based on visual 

interpretation, no clear artifacts are visible.  Roadside streetlamps were left in the data as they 

did not significantly affect the results. In addition, the maximum height of the figures was set 

on 33 m to make the figures visually comparable. A lighter color reflects a higher height and 

black color is the ground. Based on the visual interpretation of the figures the amount of vege-

tation (trees) has clearly decreased in the area.  

 

 
Figure 13. Masked CHM from 2008 NLS data.  
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Figure 14. Masked CHM from 2015 HEL data.  

 
Figure 15, Masked CHM from 2017 HEL data.  
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Figure 16. Masked CHM from 2020 NLS data.  

 

Each CHM was refined because the maximum height (Hmax) of each data decreased after mask-

ing. Before and after statistics of each CHM can be seen on tables 6 and 8. Based on the results, 

the maximum height (Hmax) decreased from the 2008 data by 9.51 m, in 2015 by 3.63 m, in 

2017 by 7.96 m, and in 2020 by 4.85 m (tables 6 & 8). There were also differences between 

mean heights (Hmean). Hmean ranged from 8.4 m to 7.67 m in 2008, 9.25 m to 8.48 m in 2015, 

8.81 m to 7.78 m in 2017, and 6.97 m to 5.79 m in 2020. In addition, standard deviation (Stdev) 

decreased in all datasets except in 2017 data where standard deviation increased after masking.  

 

Table 8. Statistics of each CHM after masking in meters. 

 2008 2015 2017 2020 

Hmin 0.00 0.00 0.00 0.00 

Hmax 29.71 31.36 31.96 32.79 

Hmean 7.67 8.48 7.78 5.79 

Stdev 7.68 8.55 8.82 8.25 
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5.2 Case study: change detection in the Kuninkaantammi area 

5.2.1 Changes in the single period 

 

The change detection was performed by calculating the differences between 2008‒2015, 2015‒

2017, 2017‒2020, and 2008‒2020. The period 2008‒2015 involved a sparse and a dense point 

cloud, 2015‒2017 both are dense point clouds, 2017‒2020 a dense and sparse combination. To 

achieve a comprehensive comparison, the difference for 2008‒2020 was also studied because 

both of these datasets had a sparse point cloud. The timing of the study was unevenly distrib-

uted. The study period was 12 years in total. All the changes were recorded in the data from 

2008‒2020 while 2008‒2015 shows 7-years changes, 2015‒2017 shows 2-year changes, and 

2017‒2020 3-year changes.  

 

Results show that changes have occurred in the study area between each detected period (fig-

ures 17‒21). As demonstrated in figures, changes have been either positive or negative. Nega-

tive value indicates the decrease of canopy height, and positive value the increase of canopy 

height. Also, histograms are presented in figure 17. Based on the histograms, the height of the 

canopies has both decreased and increased within each period. The increase has been the great-

est in 2008‒2015, while the height has decreased the most during 2017‒2020. Histogram be-

tween 2008 and 2020 shows that the increase and decrease of canopy height has been relatively 

steady overall.   
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Figure 17. Histograms of height difference of CHMs for each period. Negative value indi-

cates the decrease of height, and positive value the increase of height. 

 

Based on visual interpretation, changes in canopy height have occurred in each period (figures 

18‒21). Figure 18 shows that the greatest increase of canopy has occurred during 2008–2015. 

The increase in height has been steady. In addition, decreased areas can be identified easily, 

and those areas reflect the potential harvested areas. In addition, a few individual small de-

creased areas occur which might be single felled tree. Thus, the changes are relatively smooth 

and nothing remarkable can be seen. There are no questionable changes visible in the figure. 

 

Figure 19 shows that during the 2015‒2017 the height increase has been slower than in the 

previous period. This period covers changes of two years so relatively small increase was ex-

pected. In addition, the possible harvested areas are clearly visible in the figure and also a few 
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small individual decreased areas that might be single harvested trees. However, in these datasets 

there were incorrectly classified buildings in both 2015 and 2017 datasets. Those misclassified 

areas were also reported on table 7. Though, those areas cannot be located from the change 

detection figure. However, they certainly affect changes in the area because a possibly misclas-

sified buildings is masked and cause a pixel value to be zero even if it actually would get height 

values from the canopies.  

 

Figure 20 shows that during the 2017‒2020, there was mainly a decrease of height. The greatest 

decrease has occurred during this period. In addition, the decrease is widespread around the 

region, and few individual areas are visible. There has been increase of height too but relatively 

little. The figure also shows the problems caused by the 2020 data or data filtering, and therefore 

the results can be considered unreliable.  

 

Figure 21 illustrates total changes in the area in the period 2008‒2020 based on two sparse point 

clouds. Especially, the decrease of height can be visually located, and the areas are locally 

distributed in each dataset. Contrarily, the increase of height is differently distributed. From the 

figure, it is possible to locate the possible new construction areas. 

 

 
Figure 18. Changes in CHMs during 2008‒2015. Red color indicates a decrease of height, 

and blue color increase.  
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Figure 19. Changes in CHMs during 2015‒2017. Red color indicates a decrease of height, 

and blue color increase. 

 

Figure 20. Changes in CHMs during 2017‒2020. Red color indicates a decrease of height, 

and blue color increase. 
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Figure 21. Changes in CHMs during 2008‒2020. Red color indicates a decrease of height, 

and blue color increase. 

 

Statistically, Hmean was calculated for each period to observe the average variation in canopy 

height. Hmean values vary respectively.  2008‒2015 Hmean is 0.911 m, 2015‒2017 Hmean is -0.751 

m, 2017‒2020 Hmean is -2.035 m, and 2008‒2020 Hmean is -1.875 m.  Based on the values, it can 

be concluded that the greatest increase has taken place during the period 2008‒2015. Corre-

spondingly, over the period 2017‒2020 the greatest decrease was observed. Totally, there has 

been more decrease than increase between 2008 and 2020. The minimum and maximum values 

were not calculated because they usually reflect the noise in the data and therefore no greater 

conclusions can be made.  

 

Changes in canopy height increase was also detected between each period individually. To de-

tect changes of height increase, the threshold was set on 2 meters. When the smallest changes 

are removed the results improve and it is easier to detect the increased areas. The results are 

shown in figures 22‒25.  

 

Figure 22 shows the changes during 2008‒2015, and it can be concluded that canopy height 

has increased steadily throughout the study area as noted earlier. This interval reflects 7-year 
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changes, while figures 23 and 24 demonstrate the shorter changes (2-year and 3-year). There 

has been less height increase in 2015‒2017 (figure 23), and in 2017‒2020 (figure 24). Figure 

25 shows the increase of canopy height over the whole study period 2008‒2020, which reflects 

the total 12-year changes.   

 

 
Figure 22. Canopy height increase between 2008 and 2015. Height differences are classified 

for more detailed interpretation of changes. 
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Figure 23. Canopy height increase between 2015 and 2017. Height differences are classified 

for more detailed interpretation of changes. 

 
Figure 24. Canopy height increase between 2017 and 2020. Height differences are classified 

for more detailed interpretation of changes. 
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Figure 25. Canopy height increase between 2008 and 2020. Height differences are classified 

for more detailed interpretation of changes. 

 

Statistics of the amount of canopy height increase are shown in table 9. Based on the results, 

increase has been the greatest during 2008‒2015, 48.22 ha which is 44.2% of the area. The 

second highest increase has happened in 2015‒2017, 12.12 ha which is 11.1% of the area. The 

lowest increase has occurred during 2017‒2020, 3.84 ha which is 3.5% of the area. The total 

canopy height increase from 2008‒2020 sparse datasets was 28.61 ha, which is 26.3% of the 

area.  

 

Table 9. The amount of areas with height increase larger than 2 meters. 

Canopy height increase 

>2m 

Hectares (ha) Total share in study area 

(%) 

2008‒2015 48.22 44.24 

2015‒2017 12.12 11.12 

2017‒2020 3.84 3.52 

2008‒2020 28.61 26.25 
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5.2.2 Tree cover loss  

 

To detect loss of tree cover, the height threshold was set at -5 meters, which indicates that trees 

have been completely removed. Furthermore, the area was calculated which is presented in 

table 10. Figure 26 demonstrates the tree cover loss between 2008‒2015, 2015‒2017, and 

2017‒2020. The figure shows that the changes have been local. The exception is the comparison 

between 2017 and 2020, which produced many small changes. The reason is most likely the 

thinning of the 2020 data from 5 points to 0.5 points by the data provider, and therefore the 

changes using 2020 data are unreliable. Another reason might be that the dataset had a lot of 

unclassified points that were not considered in this study (table 4). The same problem was ob-

served at each stage of the study where the 2020 dataset was included.  

 

 
Figure 26. Changes in tree cover loss in Kuninkaantammi area during 2008‒2020. 

 

Table 10 shows the percentage of tree cover change in the Kuninkaantammi area. Based on the 

results, tree cover loss has been the greatest during 2017–2020, 14.36 ha, which is 13.18% of 

the area. The second largest tree cover loss has occurred in 2008‒2015, 13.19 ha, which is 

12.10% of the area, and 10.78 ha in 2015–2017, which is 9.89% of the area. These results are 

as expected because the time periods are varying and there has been a lot of increase in the 
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building stock in the area during the time. Area was also calculated for 2008‒2020 data, and 

the total tree cover loss is 26.92 ha, which is 24.70% of the total area. 

 

Table 10. Tree coverage change in Kuninkaantammi area. 

Tree coverage change  Hectares (ha) Total share in study 

area(%) 

2008‒2015 -13.19 -12.10 

2015‒2017 -10.78 -9.89 

2017‒2020 -14.36 -13.18 

2008‒2020 -26.92 -24.70 

 

 

6. Discussion 

6.1 Multi-temporal ALS for detecting changes of urban trees  

 

The objective of this study was to find out how multi-temporal ALS (airborne laser scanning) 

datasets can be utilized in urban tree cover change detection studies. More specifically the study 

observed changes from differences in CHMs. Therefore, increase of canopy height and tree 

cover loss was detected. The study was conducted in a small test area to identify the typical 

features of urban surroundings. Therefore, Kuninkaantammi area in the city of Helsinki, Fin-

land was selected as a test area because the area reflects the typical sub-urban landscape and 

where changes have occurred during the years under review. The area has been actively con-

structed and modified, and covering typical urban objects like vegetation, buildings and others. 

Consequently, the results can be in general discussed on a full Helsinki scale. The starting point 

of this study was to find out what kind of problems occur when processing multi-temporal ALS 

datasets and in addition, to find out how to eliminate possible problems that arise during the 

process. This study used all openly available ALS datasets that covered the whole Helsinki. 

Two datasets from the National Land Survey of Finland (NLS) were used, 2008 and 2020. Also, 

two datasets from Helsinki city Survey (HEL) were used, 2015 and 2017.    

 

Comparing the results against previous studies is not unambiguous. This is because the multi-

temporal ALS datasets are completely different from each other. Thus, an accurate comparison 

is impossible because the previous studies cover datasets with totally different parameters. In 
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addition, the author is unaware of any similar research conducted with exactly the same da-

tasets. Previous studies have utilized datasets with almost similar parameters or have focused 

on homogeneous regions.  

The main starting point of this study was to produce relatively accurate information for detect-

ing canopy height changes in the area. The datasets had to be comparable to each other so that 

the changes could be detected. The raster-based change detection method was chosen for this 

study because it has proved to be a well-used method in previous change detection studies (Choi 

et al. 2009; Hebel et al. 2011; Teo & Shih 2013). The use of the method supports the aims of 

this study because the advantage of a raster-based detection, such as the digital surface model 

(DSM), is that it especially reflects the highest objects in the area, like buildings and vegetation 

(Hyyppä et al. 2004). In this study, the change detection was performed by using canopy height 

models (CHM), that reflect changes in the vegetation height (especially trees) (Hebel et al. 

2011; Moura et al. 2020). The raster-based method confirmed to be relatively easy to imple-

ment, which supports its use to detect canopy height and cover changes.  

This study advocates the awareness that with ALS there are challenges when processing the 

data (Okyay et al. 2019; Tanhuanpää et al. 2019; Baines et al. 2020). Even a case study area of 

this size (1.09 km2) caused problems to create datasets comparable to each other. The results 

were mainly influenced by the fact that the research was produced in a sub-urban environment. 

Urban areas are very heterogeneous and thus consist of many different objects, such as power 

lines, buildings, vegetation, water areas, cranes, and others, just as in this study. As said by 

Baines et al. (2020), urban heterogeneity is a challenge itself in ALS studies, and especially 

when detecting urban trees. According to Tanhuanpää et al. (2016), urban trees exist in road-

side, yards, parks, and forested areas wherein the other objects are in the immediate vicinity. 

Consequently, urban trees occur at the individual level and in forested areas (Baines et al. 2020). 

In addition, cities are under constant change where buildings and old areas will be transformed 

into new ones. The Kuninkaantammi study area consisted mainly of forested areas, which over 

time have been built into a new residential area. The northern part of the area consisted of a 

small detached house area from which no larger conclusions can be drawn. The actual roadside 

trees were not mainly present in this study, but the tree cover was relatively evenly distributed 

in the study area.  

To achieve the most accurate results, the datasets were processed one by one. To maintain 

comparability, datasets with almost similar parameters were processed using the same settings. 
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In this case, both HEL datasets were processed in the same way, and both NLS datasets in the 

same way. This method was chosen because these datasets were relatively similar in terms of 

parameters (tables 3‒5). RStudio software proved to be a useful option to pre-process the data, 

as defined software advantages by Roussel et al. (2020). Used LidR package provided alterna-

tive point cloud processing methods, and for this study a pit-free algorithm was chosen to create 

CHMs. However, even this study was conducted in a small test area the datasets used in this 

study were relatively large. Thus, the only option was to run scripts with lascatalogue, which 

divided the data into smaller parts.  

 

The most significant consideration in this study were the dissimilarities between datasets pa-

rameters which affected on data processing and therefore to results (table 3‒5). One of the most 

noteworthy parameters was the difference in point density. Both sparse datasets from the NLS 

provided the most substantial impact on what can be modeled. In this study, changes in canopy 

heights could merely be examined at a general level. Only with a denser point cloud it would 

have been possible to detect changes at the individual tree level. According to Holopainen et 

al. (2013) individual tree detection basically requires at least 5 points/m2, as now the NLS da-

tasets were approximately 1 points/m2. In addition, sparse point cloud influenced the resolution, 

and 2 m resolution was first tested and noted to work relatively well for this study needs. With 

HEL data it could have been possible to detect changes in individual tree level because datasets 

were approximately 20 points/m2. Although the changes were also detected with HEL datasets 

alone, the individual trees were not observed in this study.  

 

In addition, this study seems to support the idea that point density affects the variables obtained. 

As discussed in Suarez et al. (2004) and Yu (2008) the point density may tell where the laser 

return pulse is formed in vegetation. From the point of view of precise change detection, it 

would be desirable if the data were relatively similar in the point density. However, this was 

not the case in this study, but for comparison, change detection was also made for data with 

quite the same point density. The reason for the effect of point density on the obtained variables 

is well presented by Suarez et al. (2004). This was a significant problem for the reliability of 

the results, and a more accurate change detection can be performed for the same point density 

(Yu 2008). This had an impact, especially when detecting the increase of height. In this case, 

for example, the 2008 data, which has a sparse point cloud, has produced lower values than the 

comparable 2015 data, which has higher point density. Thus, the point has probably been 

formed from the highest point of the treetop. As a result, when performing the changes, the 
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increase of the stand has been relatively high, when in reality it would have been less (figure 

22). Similar uncertainty occurs in the 2020 and 2017 comparison (figure 24).  

 

The processing of ALS data was not straightforward. There were non-vegetation objects visible 

in the study area, and those were masked out of each dataset. As said by Xaio et al. (2012), 

those misclassified areas should be processed, and this kind of error occurs basically in auto-

matically classified datasets. In this study, different masks were used to extract non-vegetation 

objects. A similar method was presented, for example, in Tomljenovic et al. (2015). With mask-

ing, all non-vegetation objects were removed from each CHM through visual interpretation and 

manual processing in QGIS, and afterwards artifacts were not visible. Thus, the method proved 

to be very effective in masking only vegetation classes visible in the CHM. Power line masks 

were created for each dataset which were classified as vegetation. Moreover, 2017 data had two 

cranes visible, and the only way to mask those was to digitize them out. In addition, the most 

significant factor was the presence of buildings, and therefore there was a need for a building 

mask. Separate building data was needed for both NLS datasets and building masks were cre-

ated through classification for both HEL datasets.  

 

Data classification errors were observed in both HEL datasets. With visual and aerial image 

interpretation, totally 11 buildings were falsely identified in 2015 data which were actually 

vegetation or bare ground. In addition, one misclassified building was found in 2017 data. The 

importance of visual interpretation is emphasized here. Even if the classification proves to be 

correct, for example a building that actually exists but is covered with vegetation, the height 

value will affect change detection. This will cause that the height values of the canopy become 

zero due to masking in that certain year. In that case, the changes in the canopy height are 

incomplete when the height information is missing from another reference data.  

 

In addition, automatically classified classes were used in this study to maintain the size of the 

datasets smaller. Ground and vegetation classes were selected for this study. This study did not 

consider unclassified points, and afterwards, it was concluded that unclassified points could 

have added value to the study. Particularly the problems of the 2020 dataset could have been 

solved if these unclassified points or even all points would have been considered in this study.  

In this study, the unclassified points or all points would apparently not have affected the data 

processing because the datasets were masked out of non-vegetation objects in any case.  
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The season may have consequences on the results. As stated in Matikainen et al. (2017) it is 

desirable to obtain leaf-on condition in vegetation studies. In addition to the change detection 

studies, it is desirable to obtain the data from the same growing season (Tanhuanpää et al. 2014). 

This is important, especially in deciduous areas. However, in this study the tree species were 

not detected. The 2008 dataset is known to be conducted in spring 2.4 and it is reflecting the 

leaf-off condition in deciduous tree areas. The 2015 datasets instead are a bit uncertain about 

leaf condition. In 2015 scanning was performed between 7.5‒3.7 and the exact date is not 

known. Other datasets were scanned in the summer (22.8‒8.8.2017 and 13.6.2020) which was 

a leaf-on state. In this study, the year 2008 might have had an effect on the changes due to its 

leaf-off condition. This may reflect to increase of height when comparing to this material, as 

the laser pulses penetration had been higher. The Hmax of the 2008 masked CHM is 29.71 m, 

while the Hmax of other datasets is over 31 m (table 8). However, it should be noted that height 

increase can be the natural growth of trees.  

 

In conclusion, the greatest problem with multi-temporal ALS data is the diversity of the data. 

In order to synchronize the datasets, a lot of manual work is needed to ensure the correctness 

of the datasets. Misclassified classes were common also in this study even the test area was 

relatively small. To avoid problems, the datasets had to be handled carefully and irrelevant 

objects to the study masked out. Masking proved to be a good method to post-process CHMs.  

 

From a whole Helsinki point of view, a lot of manual work should be done and the open access 

materials and automatically classified point clouds cannot be relied upon for change detection. 

The choice of datasets has an impact on what and how accurate areas can be studied, which was 

presented previously. It was mainly influenced by the differences of point density. From the 

perspective of the whole Helsinki, the datasets would be relatively large and therefore pro-

cessing might take some time. Then RStudio might not be the best choice. In this study, the 

CHMs produced from the datasets can be used to detect changes at a relatively general level. 

In addition, the use of the method in a dense urban environment was not detected, which may 

affect the usability of the datasets, especially with same data combination.  

 

6.2 Change detection in the case study area 

Another objective of this study was to find out how those multi-temporal ALS datasets work 

concretely in the change detection study. The results were examined for each time period 2008‒
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2015, 2015‒2017, 2017‒2020, and 2008‒2020 in the Kuninkaantammi area. In this study, 

changes in CHMs were detected which most likely represent the trees in the area. In addition, 

the increase of canopy height, as well as the tree cover loss, were detected and the changed 

areas were identified.  

 

Based on the results, the changes have been considerable. This was expected as it was known 

that the area represents an area under construction. Changes have taken place especially in terms 

of tree cover loss but also as an increased building stock. In addition, as a new residential area, 

the nature of the building stock has changed. The former industrial area has become more urban 

over time, and some of the old industrial buildings have been removed. According to the city 

of Helsinki (2021), active construction in the area has begun approximately in 2015, which also 

reflects to the results.  

 

Overall results were examined on a map demonstrating both positive and negative values, and 

via histogram (figures 17‒21). In this study, positive change indicates increase of canopy 

height, and negative decrease of canopy height. As said by Teo and Shih (2013) height differ-

encing can locate the potentially changed areas. In this study, height differencing was success-

ful, and the changed areas can be identified through visual interpretation. However, with visual 

interpretation it is very difficult to know the true height values of the canopy change. Therefore, 

some statistics were also calculated for each period. These statistics can be used to support the 

idea that the most significant changes have taken place since 2015. For example, the change in 

the mean height was positive during 2008‒2015 (0.82 m), suggesting that on average there has 

been more increase than decrease. Then again, the decrease has occurred more in the period 

2017‒2020, when the average change in height was -1.99 m. In addition, during the 2017‒2020, 

the average change in height was -2.04 m. Overall average was -1.88 m (2008‒2020). Accord-

ing to these, there has been more decrease in canopy height after 2015, and it can be assumed 

that the loss of tree cover has been high. In this study, tree cover loss areas were detected sep-

arately.   

 

The results were examined to detect increase of canopy height in each period individually (fig-

ures 22‒25). In this case, the height change threshold was set at 2 meters. Therefore, the small-

est increased changes were removed from the data and the actual increase changes were high-

lighted. Based on the results, it was completely predictable that on the short-term comparisons 

(2015‒2017 & 2017‒2020) there has been an insignificant increase in height, and in others, 
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longer-term comparisons (2008‒2015 & 2008‒2020) larger changes. The largest amount of 

increase was between 2008 and 2015 when total share of height increase was up to 44% of the 

area. Least increase happened during 2017‒2020 when total share of height increase was only 

3.5%. The reason can be explained by the urban development of the area or differences in time 

period. Between 2015 and 2017 the share of height increase was 11%, and in total (2008‒2020) 

26%. The reliability of the increased results was significantly affected by the differences in the 

datasets presented in the previous chapter (point density, classification, data filtering). How-

ever, the results can give an idea of whether there has been an increase in the canopy of the area 

at all.  

 

The results were also examined for tree cover loss (figure 26). The height change threshold was 

set at -5 meters (more than 5 m decrease), in which case it can be assumed that tree cover is 

completely removed, and the lowest changes are excluded from the study. Tree can be either 

harvested or fallen. However, there were no exact values for the threshold identified in previous 

studies and the used value is very study specific. In general, a higher threshold value refers to 

the things mentioned previously (removed trees). The results provided a relatively clear picture 

of where the changes have taken place regionally. In terms of the study area, the data is inac-

curate, but it provides information on the areas where trees have been removed or fallen. At 

this point, the research highlights most of the 2020 data problems. The NLS 2020 data produced 

individual pixel values which could not be smoothed when creating CHMs. Though the study 

compared a relatively considerable number of different parameters to increase uniformity and 

smoothness. This produces distortions in every detection where 2020 data is used. No similar 

errors were recognized that much in the canopy height increase studies, but the error was spe-

cifically highlighted in the tree cover loss detection. Errors may be due to the fact that this data 

has been thinned from the original 5.0 points/m2 to 0.5 points/m2 by the NLS. According to the 

NLS (2021b), “the data has been thinned so that points distributed as evenly as possible that 

correspond to the first return echoes and other return echoes related to the corresponding input 

pulses are chosen”. This may be the reason for errors in the data, but issues deserve a further 

study. Otherwise, the errors might have been caused by data filtering because in this study 

unclassified points were ignored.  

 

In addition, the study observed how these different datasets affected change detection. This 

allows data to be analyzed in a way that each dataset is compared to the same point density data 

and to different point densities from another data provider. The most accurate interpretation 
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was between the two dense Helsinki data, 2015 and 2017. However, there were misclassified 

buildings in both datasets, meaning that the area was classified as a building even though in 

reality it was vegetation. These were detected from aerial images. A similar problem did not 

exist on the data of NLS, but those datasets had been processed manually through visual inter-

pretation. These affect the reliability of the results and once again the importance of manual 

work is emphasized.   

 

6.3 Improvements and future research 

In this study, a few improvements and future research topics were found. Although the aim of 

this study was to find out as broadly as possible how multi-temporal ALS is suitable for urban 

environments, the study did not cover extensively the detached house areas, which are typical 

in the Finnish cityscape. This study included a limited area that reflects such an area, but not so 

widely that a larger conclusion could be drawn from it. In terms of further research, these areas 

would remain an appropriate target. Such private residential areas are very challenging envi-

ronments for ALS to detect changes in canopy height. This is because the trees are in the im-

mediate vicinity of the buildings. Also, densely built areas were not studied which reflects the 

typical city center districts. In that case, the areas basically consist of the park- and street trees, 

in which case the choice of the datasets is important.  

The possibility of change detection could be explored in the future with different ALS metrics 

which were presented in chapter 2. Those metrics could improve change detection results when 

height and density-related variables are detected.  Presented statistical metrics could provide 

valuable information about changes in the region, but their use in change detection requires 

further investigations. Also, ALS metrics compatibility needs further research with the same 

datasets used in this study.  

In this study, it was noted that the classification of the datasets needs to be improved and de-

veloped. Currently, the classification is either incomplete or incorrect. This increases the need 

for manual work, and dependence on other materials, such as aerial images. For further re-

search, it could be explored how these classifications could be improved. However, this is a 

typical issue in ALS studied as stated by Xiao et al. (2012).  
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7. Conclusion 

In this study, the purpose was to investigate how multi-temporal ALS data can be utilized in 

the change detection of tree cover in urban environments. Changes in the area were studied as 

a difference between canopy height models (CHMs). The results were examined both as an 

increase of canopy height and in tree cover loss. In addition, the usability of different ALS 

datasets was detected. The Kuninkaantammi area in Helsinki was selected for the case study 

which emphasized the sub-urban area and the area that has been actively constructed. In this 

study, four different datasets were used from the NLS 2008 and 2020, and from HEL 2015 and 

2017.  

 

One of the study questions was that how suitable multi-temporal ALS datasets are for change 

detection in the Helsinki area and what kind of problems arise and how to reduce those prob-

lems when processing the data.  The conclusion is that even in a limited area there were rela-

tively multiple things to process and consider. Each dataset had to be processed individually, 

and there was a lot of manual work. One of the main tasks was to identify non-vegetation ob-

jects visible in each CHM. Classification of the data had an influence on how those objects 

could be removed. In conclusion, the need for visual interpretation was highlighted during the 

study. Also, the point density affected on data comparability and processing. In this study, I 

used two sparse datasets from NLS (0.5 points/m2), and two denser datasets from the city of 

Helsinki (20 points/m2). The study showed that the NLS datasets were affecting the most to 

canopy height modeling. Faced problems were reduced by digitizing and masking non-vegeta-

tion objects.  

 

The second study question was related to detecting changes in Kuninkaantammi, Helsinki. The 

result was assumed because a lot of changes have taken place in the area at the time of the 

study. Results showed that the greatest increase of canopy height has taken place during 2008‒

2015 when construction in the area has been the lowest. Correspondingly the greatest tree cover 

loss has taken place during 2017‒2020 when trees have been harvested to make room for new 

buildings. The study allowed a relatively close examination of where and how largely tree cover 

has changed. Particular significance was the fact that the data could be evaluated on the basis 

of height and cover a relatively general level. If the density of the data, especially the NLS data, 

would have been higher, very accurate height values could have been obtained.  
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Overall, multi-temporal ALS can be considered as a valuable addition to the interpretation of 

urban vegetation change, as the data provides accurate information about the vertical properties 

of the area. The use of multi-temporal ALS will certainly increase as more data becomes avail-

able. The information can be used to provide valuable information of those important green 

areas for residents and enable monitoring areas development and well-being.  
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Appendices 
 

Appendix 1. Example of R script for both National Land Survey of Finland data (2008 & 

2020).  

 

Appendix 2. Example of R script for both Helsinki data (2015 & 2017).  

 

Appenix 3. Building mask script in RStudio.  

 


