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1. Introduction 

 

1.1. Urbanization and impacts on the environment 

 

Over half of the world’s total population now lives in cities and urban areas are expected to 

expand rapidly. The proportion of the world’s population living in urban areas is expected to 

increase, reaching 66% by 2050 (United Nations, 2014). As urbanization continues at an 

accelerating rate, challenges concerning sustainable development will increasingly focus on the 

cities particularly in the lower-middle-income countries where the pace of urbanization is the 

fastest (UN, 2014). One of the current trends of urbanization is that the growth of urban areas is 

expanding faster than the urban population, indicating that the world will require increasingly 

more land to build cities and supply urban consumption as the population increases. This 

continued growth heavily depends on natural resources and consumes prime agricultural land, 

leading to inevitable effects on habitats, biodiversity, and ecosystem services outside of the cities 

(Gomez-Baggethun et al. 2013). Urban development changes the natural environment in 

numerous ways. A clear characteristic for an urban area is the intensification of land use: natural 

habitats are replaced by buildings, roads, and parking lots, and vegetated soils are covered by 

impermeable surfaces. This development can have serious consequences on the biogeochemical 

cycle and hydrological process, reflected both in climate change and biodiversity (Pataki et al. 

2011). Impervious reduce rainfall infiltration, catchment storage ability, as well as 

evapotranspiration (Burns et al., 2012, Goonetilleke & Thomas 2003). Increased runoff volumes, 

flow rates and peak flows and reduced flow durations of rainfall-runoff are reported to cause 

urban floods (Goldshleger et al. 2009).  

Furthermore, climate change enhances natural hazards. As a result of climate change, cities 

around the world become increasingly vulnerable to environmental hazards such as floods, 

droughts, and heatwaves. The increased summer flood risk in urban environments is a major 

concern in many regions of the world. Flooding is the most frequent and greatest natural hazard 

for the 633 largest cities or urban agglomerations analyzed in a United Nations (2011) report. For 

instance, the densely built French Riviera area faced extreme flooding on October 3rd, 2015. The 
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region faced intense rain events which severely flooded the streets, leading to 20 fatalities and 

cost of the direct damages climbed over 600 million euros (Charpentier-Noyer et al. 2020).  

In addition to modifying the hydrological cycle of a city and its surrounding, the increase in 

impervious area coverage also has adverse effects on the thermal conditions of the city. Due to 

increased proportion of dark concrete materials and reflective surfaces, urban areas have higher 

absorption of solar radiation as well as higher thermal capacity and conductivity (Martin et al. 

2013, Weng 2001). Moreover, paved surfaces obstruct evapotranspiration and dense structures 

reduce wind speed, which leads to increased surface and air temperatures when compared to 

surrounding rural areas. This phenomenon is known as the urban heat island (UHI) (Voogt & 

Oke, 2003, Marthe et al. 2015). 

1.2. Benefits of urban green spaces 

 

To address these challenges, the governments are in continuous search for ways to make cities 

more sustainable and livable environments. The United Nations has set 17 sustainable 

development goals which countries around the world have accepted. Urban green spaces could 

act as important building blocks towards reaching the goal number 11 that aims to make cities 

more sustainable. One of the aims of this goal is to provide universal access to safe, inclusive 

and accessible, green and public spaces by 2030. (United Nations, 2020) Furthermore, urban 

green spaces are increasingly recognized for their role in increasing the adaptive capacity to cope 

with climate change (Elmqvist et al. 2015, Solecki  et al. 2013). For instance, cities such as 

Helsinki and Seattle are taking steps towards integrating green infrastructure thinking into urban 

planning (Climate proof city 2014, City of Seattle 2015). 

The role of green spaces in cities is highlighted for their capacity to provide ecosystem services 

for human well-being. These services are generated in a diverse set of habitats, including green 

spaces such as parks, urban forests, cemeteries, vacant lots, gardens, and yards (Elmqvist et al. 

2015). The Millennium Ecosystem Assessment (2005) characterizes ecosystem services into four 

groups: supporting, provisioning, regulating, and cultural services. Provisioning services include 

material products acquired from ecosystems, including, food, fiber and fresh water. Regulating 

services include benefits obtained from the regulation by ecosystem processes, including the 

regulation of climate and water. Cultural services include spiritual, recreational, and aesthetic 
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benefits. Supporting services are needed for the production of all other ecosystem services, for 

example, nutrients and water cycling, provisioning of habitats, as well as biomass production 

(Gomez-Baggethun et al. 2013).  

Urban green spaces have received substantial attention especially because of their potential to 

manage stormwater that increases with climate change and rapid urbanization. The essential 

roles of vegetation and soil in retaining water and reducing runoff and peak flow is well 

established (Song et al. 2020). The hydrological processes that maintain these functions are 

interception and transpiration by plants and infiltration, percolation, and evaporation by soil. 

Furthermore, the rooting system of plants have been shown to be important for water infiltration 

and pollutant removal (Valtanen et al. 2017). Inkiläinen et al. (2013) reported that vegetation has 

a significant influence on the regulation of throughfall and potential stormwater runoff. The 

performance of vegetation in reducing throughfall strongly depends on the magnitude and 

frequency of the storms. Furthermore, green spaces are reported to have a cooling effect of 1–

4°C, which is mostly due to the combined effects of shading and evapotranspiration (Skelhorna 

et al. 2014).  The cooling effect decreases with increasing distance and depends on the surface 

area and vegetation type, as well as the spatial conjunction (Xie et al. 2013).  

Green spaces are also increasingly recognized for their ability to deliver recreational services for 

citizens. Urban green spaces are reported to support public health and well-being through the 

reduction of stress (Thompson et al. 2012) and increasing level of physical activity (Mitchell, 

2013). Fuller et al. (2007) found a positive correlation between psychological benefits and 

biodiversity. Urban green spaces provide an opportunity for urban dwellers to be in contact with 

the natural environment and to learn about and appreciate nature by visiting green spaces (Yli-

Pelkonen & Niemelä, 2005). Moreover, recent study (You and Pan, 2020) suggests that urban 

green spaces can combat the spread of global pandemics, such as COVID-19. The study showed 

that urban vegetation can slow down the spread of COVID-19, and each 1% increase in the 

percentage of urban vegetation will lead to a 2.6% decrease in cumulative COVID-19 cases. 

Since green spaces provide various ecosystem services and support the quality of life and 

environmental health, it is essential to maintain urban green spaces in order to ensure sustainable 

land use and the provision of ecosystem services. 
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1.3. Urban green space mapping 

 

Urban green spaces are in a key role for achieving sustainable cities; they provide wide variety of 

ecosystem services and are increasingly recognized as a tool for adapting to climate change. 

Thus, there is a growing demand for spatial green space information. Detailed urban green space 

information can be used for mapping and quantifying ecosystem services as well as for different 

kind of climate and hydrological models, such as Storm Water Management Model (SWMM) 

which is commonly used for planning, analysis, and design related to stormwater runoff (EPA, 

2019). Green space information can result in more accurate urban runoff simulations and could 

be used in flood risk planning projects. Because manually digitizing land use patterns from 

images is highly time and resource consuming, it’s not a cost-effective solution for large and 

spatially diverse urban areas. To overcome this problem, various remote sensing techniques have 

been used to develop automatic means for land cover mapping.  

1.3.1. Object-based image analysis and data fusion 

  

The use of satellite images to derive land cover patterns by different computer-aided processing 

techniques has been studied since the launch of the first Earth observation remote sensing 

system, Landsat 1, launched in 1972. Classification techniques are commonly used to identify 

land cover patterns based on spectral signatures derived from remote sensing images (Yan et al. 

2015). Most of the methods for image processing developed since the early 1970s are based on 

classifications of individual pixels utilizing the concept of a multi-dimensional feature space 

(Blaschke et al. 2014). These pixel-based classification methods were developed at a time when 

image spatial resolution was too coarse to detect individual features on a given landscape. 

However, since the availability of VHR (very high resolution) images, and increasing demand 

for high spatial resolution land cover maps, pixel-based approach is no longer able to deliver 

classification tasks with sufficient accuracy.  

In pixel-based classification, single pixels are classified differently than the surrounding area, 

and homogenous regions are not generated. This results in the well-known salt and pepper effect 

(Blaschke, 2000).  
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New remote sensing technologies have been developed to answer the limitations concerning 

pixel-based approach. Especially object-based image analysis (OBIA) and data fusion have 

gathered an increasing amount of focus in recent studies. In OBIA, pixels are segmented into 

objects before the classification process. These segments have additional spectral information 

compared to single pixels, for instance, mean and median values per band, minimum and 

maximum values, and mean ratios. Another important advantage is the additional spatial 

information for objects (Blaschke 2010). Unlike pixel-based classification, the OBIA 

classification process is based on both spectral and spatial characteristics of pixel groups of 

(Flanders 2003). The first commercial object-oriented image analysis software was launched in 

2000 (Blaschke et. al 2014). Image-objects represent ‘meaningful’ entities or scene components 

that are distinguishable in the image. Another trending method in remote sensing is data fusion. 

In remote sensing, the term data fusion generally refers to the combination of multi-sensor 

spatial data at either the pixel, feature, or decision level. It aims to integrate different data in 

order to obtain more information than what can be extracted from each single sensor data alone 

(Pohl & Van Genderen, 1998; Alonzo et al. 2014). LiDAR and hyperspectral data particularly 

are increasingly fused together in remote sensing studies.  

Urban land cover has been studied with OBIA by a number of researchers (Salehi et al. 2012, 

Zhou 2013, Georganos et al. 2018), but far fewer studies focuses specifically on urban green 

spaces. Most of the earlier object-based studies on urban green spaces are based on single data 

source solutions (Mathieu et al. 2007, Li & Shao, 2013, Zylshal et al. 2016, Gülçin & Akpınar, 

2018), usually on multispectral aerial or satellite images. For instance, Mathieu et al (2007) 

attempted to map private gardens in urban areas by using object-oriented techniques and high-

resolution satellite imagery. While the study reached relatively high overall accuracy for all 

garden classes combined, the discrimination of different classes was based purely on spectral 

properties of pixels and it was noted by the author that it was not possible to map the various 

garden classes with the level of accuracy normally expected in a mapping exercise. Furthermore, 

Zylshal et al. (2016) used a support vector machine and OBIA approach on urban green space 

extraction using Pleiades-1A imagery. The study reached good overall accuracy, but the authors 

noted that the use of additional data such as LiDAR can be used to add more options on the 

classification process and produce more accurate maps. Among the more recent studies, 

Degerickx et al. (2020) produced a functional urban green type map by using multispectral aerial 
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images and airborne LIDAR data. LiDAR data was identified as valuable dataset overall, while 

fusion with hyperspectral data was reported to be necessary for more detailed mapping work. 

Furthermore, Schreyer et al. (2016) used globally available digital elevation model (DEM) of the 

spaceborne TanDEM-X for mapping urban vegetation. The idea was similar to that in the present 

study, but instead of using airborne laser scanner (ALS) for green space mapping, spaceborne 

TanDEM-X was used for urban green mapping. Furthermore, OBIA has been implemented on 

individual tree species mapping (Zhang & Qiu, 2012). Alonzo et al. (2014) implemented 

hyperspectral and LiDAR data fusion to map urban tree species, achieving a species-level 

accuracy among trained species of 83.4%. Zhong et al (2017) used Hyperspectral and LiDAR 

Data fusion to develop optimal parameters for urban Land-Use/Land-Cover Classification.  

These studies show great potential in OBIA for creating accurate classification maps of urban 

areas. However, more studies are needed on combining VHR images and LiDAR data with 

object-based image analysis. Furthermore, there are only a few studies on urban green spaces 

that consider also the vertical structure of the vegetation, despite the structure being in an 

important role in the ability of green spaces to deliver ecosystem services (Lehmann 2014).  

Therefore, there is a need to fill this gap and further study the potential of LiDAR on providing 

information on vegetation structure. 
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1.3.2. Light detection and ranging (LiDAR) 

 

Light detection and ranging, abbreviated as LiDAR, is an optical remote sensing method 

designed for collecting dense and accurate elevation data from the environment. LiDAR 

technology is similar to radar but it uses laser light pulses instead of radio waves (NOAA 2012). 

LiDAR data can be acquired from land-based and airborne devices. The method where data is 

gathered from air is commonly known as airborne laser scanning (ALS; Figure 1). 

The main components of an airborne laser scanner include the laser scanner, GPS system, and 

inertial measurement unit (IMU).  GPS and IMU systems are required to record the specific 

location of each measure points (Vosselman & Maas 2010). As light travels at a constant rate, 

the distance between the scanner and the object can be calculated from the time difference 

between the laser pulse being emitted and reflected back from the surface of an object. Unlike 

most other remote sensing methods, LiDAR data can also be acquired during the night, since 

laser scanning is relatively independent of sunlight (Vosselman & Maas 2010). 

 

Figure 1. Basic principle of spatial positioning for airborne laser scanning (ALS) system 

(Tomljenovic et al. 2015). 
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A single survey can consist of millions of georeferenced points, and this dataset is often called a 

point cloud (NOAA 2012).  The benefits of using LiDAR technology include quick acquisition 

of data from surrounding environment. Since LiDAR does not require physical contact with the 

observed object, it is suitable for surveying areas that otherwise can be hard to reach or inspect 

(NOAA 2012).  Furthermore, lidar intensity data can serve as an additional feature in the 

classification domain (Yan et al. 2015). Intensity values represent how well the object reflects 

the wavelength of light used by the laser system. According to Brennan and Webster (2006), 

intensity data is useful for discriminating the bright and dark structures, and to distinguish 

between features of similar height but different reflectance properties. 

Point cloud data sets of LiDAR technology can be utilized in various types of 3D models. One of 

the most common models is Digital Terrain Model (DTM), where only the surface of a terrain is 

projected, and other objects, such as vegetation and buildings, have been filtered out. This type 

of model is useful when studying the topographic features of an area. Digital surface model 

(DSM) is produced from the first returns for each laser pulse and includes all surface 

characteristics, such as buildings and vegetation (Shan & Toth 2009). Canopy height model 

(CHM) gives an estimate of vegetation height in a certain area (Mustonen et al. 2015).  

LiDAR has been implemented on wide variety of studies, for instance, flood modelling (Abedin 

& Stephen 2019, Cian et al. 2018), building detection (Hu & Ye 2013, Faten et al. 2018) and 

detection of harvested trees and determination of forest growth (Yua et al. 2004). Furthermore, 

Huang et al. (2013) proposed an object-based method for automated estimation of green volume 

by using airborne LiDAR and imagery data, while, previously, Hecht et al. (2008) successfully 

estimated the urban green volume using single pulse LiDAR-derived Digital surface model. 

Rhiannon et al. (2016) used LiDAR data to quantify the three-dimensional structure of 

vegetation in urban green space.  
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1.4. Study objectives and hypotheses 

The aim of this study was to examine the mapping and classification of urban green spaces with 

object-based image analysis and LiDAR data fusion. The objective was to develop an automatic 

method to map urban green spaces and classify them into four vegetation classes: <0.5 m, <2.5 

m, <7 m and >20 m vegetation. Since urban green spaces are increasingly important in 

mitigating the adverse effects of climate change and providing various other ecosystem services, 

the detailed information on urban green spaces is much needed for purposes of land-use planning 

and monitoring of environmental changes. The ability of urban green spaces to deliver ecosystem 

services depends on the vegetation structure (Lehmann 2014). Therefore, it is important to get 

information also on the vertical dimensions of green spaces. 

• Can OBIA offer reliable measures to map urban green spaces and divide them 

into different classes? 

Hypotheses: Object-based image analysis will provide effective and reliable 

method for urban green space mapping, compared to traditional remote sensing 

methods, also the ‘salt and pepper’ effect will be avoided by using OBIA. 

• Is it possible to integrate LIDAR into the classification and to use it to define 

vegetation height? 

Hypothesis: The addition of LiDAR data will create the possibility of dividing 

green spaces into height classes.  

This research was part of the URCA (The Quality and Quantity of Runoff Water in Relation To 

Land Use in Urbanised Catchments) project established by the University of Helsinki and 

financed by the Academy of Finland (project number 263308). URCA project examines the 

influences of land use intensity and the concomitant change in external loading from urbanized 

catchments on adjacent aquatic ecosystems. 
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2. Materials and Methods 

 

2.1. Research sites 

 

Three research sites of varying degrees of urbanization in the city of Helsinki (60°10′15″N, 

24°56′’15″E) were chosen for this study: Itä-Pasila, Pihlajamäki and Veräjämäki (Figure 2). 

They are all sub-catchments where the generation and quality of stormwater have been studied 

from September 2010 to September 2015 (Taka et al. 2017). In terms of land-use intensity, Itä-

Pasila represents the highest amount of built, impervious areas (65.7%), Pihlajamäki the 

intermediate (52.0%), and Veräjämäki the lowest (36.3%).  

 

Figure 2. Locations of high (Itä-Pasila), intermediate (Pihlajamäki) and low (Veräjämäki) land 

use intensity. (National Land Survey of Finland, 2012) 
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2.1.1. Itä-Pasila 

 

Itä-Pasila is the most urbanized catchment of the study sites, located approximately 3 km north 

from the center of Helsinki. The population density of Itä-Pasila is 4200 residents per km2 (Setälä 

2010 et al. 2010). The size of the catchment is 25.2 ha. The land use is highly intensive, and it 

includes buildings, roads, and parking lots. The tall buildings are easily visible on Digital Elevation 

Model of the catchment (Figure 4). Green space coverage is small and fragmented, mostly 

consisting of urban parks and trees planted along the streets (Figure 3). Itä-Pasila has a dense 

stormwater sewer system that discharges to the stream Kumpulanpuro, located in the north-western 

part of the catchment. The density of the stormwater sewer system is the highest among the study 

catchments. Itä-Pasila area represents a planning style typical to the 1970’s: compact steel-concrete 

structures, and massive decks (Setälä et al. 2010).  

 

Figure 3. Itä-Pasila catchment. (City of Helsinki, 2013) 
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Figure 4. Digital elevation model of the Itä-Pasila catchment. (NLS, 2013) 

 

2.1.2. Pihlajamäki 

 

Pihlajamäki is located approximately 8 km from the center of Helsinki and is the largest catchment 

in this study, with an area of 45.8 ha. Also, the population density is the highest among the three, 

with ca. 5500 inhabitants living per km2. The residential area of Pihlajamäki represents an early 

idea of the suburbs from the 1960s with predominant apartment blocks and a relatively high 

proportion of green spaces (Setälä et al. 2010). The intensity level of land use is medium, and 

Pihlajamäki has higher building density than Itä-Pasila but smaller than Veräjämäki. Green spaces 

are equally distributed within the catchment (Figure 5; Figure 6). 
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Figure 5. The Pihlajamäki catchment. (City of Helsinki, 2013) 

 

 

Figure 6. Digital elevation model of Pihlajamäki catchment. (NLS, 2013) 
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2.1.3. Veräjämäki 

 

Veräjämäki is located 6.6 km North-West from center of Helsinki and is the smallest (14.5 ha) 

catchment of the study sites. The population density of Veräjämäki is 2400 residents per km2. The 

buildings in the residential area of Veräjämäki consist mainly of detached, single-family houses 

with garden-like green spaces around the blocks (Setälä et al. 2010). The stormwater sewer system 

is more scarce compared to the other catchments, as only the largest roads are connected to the 

sewer system. A distinct feature of the southern part of the catchment is a high abundance of trees, 

which forms a large, continuous patch of forest. In the northern part of the catchment, most of the 

green spaces consist of private gardens (Figure 7). The tall vegetation is evident in Digital elevation 

model of the catchment (Figure 8). 

 

Figure 7. The Veräjämäki catchment. (City of Helsinki, 2013) 
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‘  

Figure 8. Digital elevation model of the Veräjämäki catchment. (NLS, 2013) 

2.2. Remote sensing data 

 

2.2.1. Aerial images 

 

Two high resolution aerial images, RGB and CIR imagery, were used in this study for each 

catchment. The images were acquired from the city of Helsinki and they were taken in summer of 

2013. While RGB photos consists of true color bands of red, green and blue, CIR photos consists 

of three color-infrared bands: near-infrared (NIR) band (800–900 nm), green (510–600 nm) and 

red (600–700 nm) band. The pixel size of the images is 0.2 m. The original images were first 

mosaiced into one image, if needed, and then masked and clipped covering each study catchment.  
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2.2.2. LiDAR data 

 

In addition to aerial images, LiDAR data was used in the classification process. The data was 

collected by National Land Survey of Finland (NLS) in 2008. LiDAR data is part of  an open data 

set of NLS, which means anyone can download the data for free. The data was delivered in LAS 

format in tiles of 3 km times 3 km, with average point density of 1.2 m.  

Before using the LAS files for classification, obvious outliers were removed with the FUSION 

program by using the FilterData algorithm (Appendix 1). The algorithm produced an output file 

that contained only returns with elevations that are within 4 standard deviations of the mean 

elevation for all returns in the 10 by 10 meter grid cell. 

2.3. Classification of vegetation 

 

Object-based image analysis (OBIA) was selected to carry out the classification process (Figure 

9). The process was executed with the image analysis program Definiens Developer.  

The first step of the classification process was segmentation. During this process, pixels are 

assigned into bigger, homogenous groups of pixels, i.e. objects. The segmentation of pixels was 

based on CIR (color infrared) information of each pixel. In Definiens Developer, there are multiple 

choices to carry out the segmentation process, such as chessboard segmentation and multi-

resolution segmentation. The selection of segmentation process depends on the spatial 

characteristics of studied objects. For this study, a multi-resolution segmentation process was 

selected for the segmentation. Multi-resolution segmentation locally minimizes the average 

heterogeneity of image objects for a given resolution. In multiresolution segmentation, the user 

specifies a set of parameters for the segmentation. Scale parameter controls the size of the objects 

by specifying the maximum heterogeneity allowed within each object. A higher scale leads to a 

larger average size of the objects. User-defined color and shape parameters affects the relative 

weighting of reflectance and shape in defining segments. The process continues until there are no 

more possible merges given the defined scale parameter (Zhou et al. 2009).  

In this study, the segmentation was established with the scale parameter of 60, shape 0.2 and 

compactness 0.5. Several different sets of parameters were tested in order to find the most suitable 
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set. The selection was made by visually interpreting the image segmentation results until the 

objects were considered to be internally homogenous. The classification process is illustrated in 

figure 9. After the segmentation process, lidar metric for all, first, and last returns were calculated 

and Normalized vegetation index (NDVI) (Rouse et al. 1973; Tucker et al. 1973) was used to 

distinguish which objects contained live vegetation and which did not. The method is commonly 

used in remote sensing studies (Sun et al. 2011, Myeong et al. 2006) and it is based on a vegetation 

index generated by red and near-infrared channels. While live vegetation shows particularly high 

values in the near-infrared range, the values for red spectral range are much lower. Therefore, 

Normalized differenced vegetation index (NDVI) was calculated by using the following formula:  

NDVI = (NIR - R) / (NIR + R), where 

NIR = Infrared channel 

R = Red channel 

For this study, a threshold value of 0.1 was used to distinguish live vegetation. Objects were 

assigned either into unclassified or vegetation class. 

Elevated vegetation was detected from pre-calculated LiDAR point cloud features. Solid objects 

usually generate one return from each laser pulse, while vegetation objects create multiple return 

pulses. Therefore, dividing the amount of the last returns with the amount of all returns provided 

a simple way to detect elevated vegetation objects. For classification algorithm, a ratio value of 

1.1 was used to distinguish elevated vegetation. Elevated vegetation objects were assigned into 

four classes according to the height information acquired from LiDAR point cloud data: 0.5 m, 2.5 

m, 7 m, and 20 m. The fifth class consisted of all non-vegetation objects. Finally, the results were 

merged into one region and exported as a shapefile into ArcGIS.  

 



21 
 

 

Figure 9. Step by step illustration of the classification process conducted with Definiens 

Developer image analysis program.  

Input data

Image segmentation based on CIR information

Precalculate lidar metrics: all, first, and last returns

Detection of vegetation using NDVI, setting a treshold value

Identifying elevated vegetation from lidar metrics (all 
returns / last returns)

Assigning vegetation into height classes

Merging the regions

Importing the results as a shapefile into ArcGIS 10.1

LiDAR point cloud data High resolution, 

multispectral images   
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Figure 10. Image segmentation and classification: (1) input data; (2) image segmentation; (3) 

vegetation detection; and (4) classification of vegetation. 
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2.4. Accuracy assessment of the classification 

 

The accuracy assessments are usually derived from the error matric and reported with their 

respective confidence (FAO, 2016). However, because in this study there was only one class (green 

space) to be assessed, error matrices were not used. Only the overall accuracy was calculated by 

dividing the amount of positive classification with the amount of total points. Overall accuracy 

describes the proportion of the area classified correctly, and thus refers to the probability that a 

randomly selected location on the map is classified correctly (Albrecht 2010, FAO 2016). The 

accuracy of the classification was assessed by comparing the classification with the created 

reference data, which was first created in ArcGIS 10. A group of random points was created for 

each catchment polygon, which was done by using Create random points tool. The number of 

points depended on the size of the catchment: for Itä-Pasila and Veräjämäki, 500 hundred points 

were created, and for Pihlajamäki, due to the larger size of the catchment, 800 points were created. 

A new field, green, was created to the attribute table of random points. After this, each point was 

compared to the reality with a high-resolution aerial image and given a value of 0 if the point was 

not on vegetation, and value 1 if the point was located at a green space. the same procedure was 

repeated for non-vegetated areas. The created reference points were then compared to the actual 

classification result. Green space polygons were combined from all green space classes, so only 

the green space polygon was left. The overall accuracy of the classification was calculated by 

dividing the correct predictions with total predictions. For example, Figure 11 illustrates the 

accuracy assessment by depicting true identification as blue points and false identification as red 

points. 
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Figure 11. Classification accuracy assessment, blue points presenting positive identification and 

red points negative identification. 

 

3. Results 

 

3.1. Classification results 

 

Itä-Pasila had the smallest green space coverage (7.4 ha, 31.1%) compared to the other catchments 

of Veräjämäki (9.4 ha, 64.6%) and Pihlajamäki (17 ha, 44.4%).  
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3.1.1. High land use area (Itä-Pasila) 

 

The minor cover of green spaces in Itä-Pasila is fragmented into many small patches. Most of the 

green spaces consist of urban parks and planted trees. Green spaces are planted along the streets 

which can be easily seen on the classification map (Figure 12). Roughly 70% is classified as non-

vegetation which indicates the urban characteristics of the Itä-Pasila catchment; intense land use, 

impervious areas, roads, buildings, and parking lots. In northern and southern parts of the 

catchment, there are forest-like urban parks with taller trees. In the middle of the catchment, green 

spaces get scarce, consisting mostly of modest vegetation and grass.  

 

Figure 12. Green space classification of Itä-Pasila. 
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Figure 13. The areal distribution of green spaces and non-vegetated areas in Itä-Pasila. 

 

3.1.3. Intermediate land use area (Pihlajamäki) 

 

In Pihlajamäki, almost half of the coverage is green spaces and remaining half non-vegetation 

(Figure 15). Approximately one quarter is over 7 m high forest. A larger forested area can be seen 

at the western end of the catchment, but there are also many forest-like lawns within the area 

(Figure 14). Non-vegetated areas consist mostly of roads and tall, long buildings. Additionally, 

long shadows cast by these buildings increased the amount of classified non-vegetation areas. It is 

likely that these shadows decrease the classification accuracy. Green spaces are fragmented 

equally around the catchment, there is larger patch of continuous forest only on the western side 

of the catchment.  
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Figure 14. The Pihlajamäki green space classification. 

 

 

 

 

 

 

 

Figure 15. The areal distribution of green spaces and non-vegetated areas in Pihlajamäki. 
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3.1.2. Low land use area (Veräjämäki) 

 

In addition to having the highest proportion (65%) of green spaces, Veräjämäki also had a higher 

proportion of tall vegetation than the other catchments: nearly 40% of catchment is classified as 

over 7 m vegetation (Figure 17). In the southern part of the catchment, there is a large forest patch 

consisting of over 20 m tall trees (Fig 16). Furthermore, there is a clear-cutting area from lower to 

the middle part of the catchment, which can be distinguished in the classification map as a large 

patch of 0.5 m vegetation. A base rock formation can be seen as non-vegetation area in the 

northeastern corner of the catchment. Green spaces in the northern side of the catchment mostly 

consist of gardens with some taller trees and short vegetation such as grass and turf. In the northern 

side, there are gardens with tall vegetation.  

 

 

Figure 16. The Veräjämäki green space classification. 
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Figure 17. The areal distribution of green spaces and non-vegetated areas in Veräjämäki. 

3.2. Accuracy assessment of the vegetation classification 

 
The overall green space classification accuracies varied between 78% and 92%, and for non-

vegetation areas, the accuracy varied between 96% and 99%. The highest accuracy for green 

spaces was reached in Veräjämäki, followed by Pasila and Pihlajamäki, while the opposite result 

was found for the classification accuracy of non-vegetated areas (Table 1).  

Table 1. The classification accuracy in the three study catchments. 

Catchment Accuracy %, green Accuracy %, non-green 

Itä-Pasila 82.6 97.8 

Pihlajamäki 78.1 99.2 

Veräjämäki 92.2 95.8 
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4. Discussion 

 

4.1. The potential of OBIA and LiDAR data fusion on mapping urban green spaces 

 

Green space coverage was successfully mapped and classified in each of the three study 

catchments, the classification accuracy varying from 78% to 92%. For non-vegetation areas 

accuracy varied from 96% to 99%. In terms of green space classification accuracy, the results are 

in line with previous studies, such as those by Li & Shao (2013), Zylshal et al. (2016) and Mathieu 

et al. (2007). These studies used OBIA to map urban green spaces, and their overall accuracy 

results ranged between 86 % and 90.7 %. As expected, the classification results were free of the 

‘salt and pepper’ effect which is caused by the complexity of surface features and limitations of 

pixel-based classification methods. The finding agrees with earlier studies by Zylshal et al. (2016) 

and Whiteside et al. (2005). Object-based classification overcomes this problem by first dividing 

pixels into segments that consist of pixels sharing similar values defined in the segmentation 

method. The basic processing units of OBIA are segments, image objects, and not single pixels 

(Benz et al. 2004). These finding support my hypothesis that OBIA would provide better means 

for classifying urban green spaces than the traditional pixel-based method. As can be expected, the 

proportion of green spaces decreased with increasing land use intensity from 65% in the low land 

use area, to 44% in the intermediate area (Pihlajamäki) and 31% in the high land use area (Itä-

Pasila).  

I hypothesized that the addition of LiDAR data would enable the division of green spaces into 

height classes. The hypothesis was supported by the clear division of vegetation cover into four 

vegetation classes. Overall, there have not been many studies using both multispectral data and 

LiDAR to map urban green spaces, so a throughout comparison with other studies was not possible. 

Similar observation was made by Schreyer et al. (2016), who used globally available digital 

elevation model of the spaceborne TanDEM-X for modeling urban vegetation. The idea was 

similar to this study, but instead of using Airborne laser scanner (ALS) for green space mapping, 

they used spaceborne TanDEM-X for modelling urban vegetation. The method was reported to be 

successful for capturing vegetation heights in their appropriate dimensions. Another study from 

Rhiannon et al. (2016) used high-resolution LiDAR data to quantify the three-dimensional 
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structure of vegetation in urban green spaces. They classified parks into three distinct classes 

depending on their spatial and vertical structure of tree cover and concluded that LiDAR is capable 

for quantifying the spatial distribution of tree cover and vegetation structure in urban landscapes. 

My findings agree with these studies on LiDAR data being capable for vegetation classification.  

With vegetation height information included in the analysis, we can get better understanding on 

green space profile of urban environment. For instance, it enables the precise identification of the 

location of forest or grass. Vegetation height information is important for quantifying ecosystem 

services, the magnitude and versatility of which are dependent on vegetation structure, such as 

height and width (Lehmann 2014). Thus, vegetation height spatial information opens new 

possibilities to map and quantify urban ecosystem services. Despite LiDAR data is becoming more 

available throughout the world, Finland is one of the few countries in the world with nearly full 

ALS LiDAR coverage (NLS 2019). For this reason, studies have been conducted (Schreyder et al. 

2016) using space-borne lidar data to map urban green spaces with a semi-automatic mapping 

method. Among the strongest benefits of its ability were detailed green area information with quick 

speed. Additionally, the inclusion of vegetation height information broadens the usability of the 

data.  

I did not assess the accuracy of different green area classes, as it would have required extensive 

field measurements, including the height of the vegetation. However, it has been reported that 

LiDAR tends to underestimate tree heights as the signal may miss the highest point or in some 

cases, the signal may hit the top of the tree but the signal isn’t strong enough to form echo back to 

the transmitter (Yu et al. 2004). Furthermore, dense vegetation under the canopy layer may result 

in overestimation of DTM, which leads to overestimation of canopy height model (Holopainen et 

al. 2013). More reasons affecting the underestimation of vegetation height include the algorithm 

used to obtain the canopy height model, the amount and height of undergrowth, the algorithm used 

to calculate the digital terrain model, the sensitivity of the laser system and thresholding algorithms 

used in the signal processing as well as pulse penetration into the canopy and, finally, also the 

shape and species of trees (Holopainen et al. 2013).  

To compare OBIA accuracy to manual mapping methods, the results of this study were compared 

to those obtained by Lundberg (2011), who studied habitat diversity and fragmentation of the same 

three catchments used also in my study (Figure 18). However, the catchment boundaries were 
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revised for this study and, therefore, differ slightly from Lundberg’s work. Instead of using semi-

automatic mapping methods, Lundberg manually digitized the green spaces by using aerial images. 

Lundberg acquired a higher proportion of green spaces and a higher proportion of trees for all three 

catchments, indicating that the method presented in this study may underestimate green space 

coverage. The difference was biggest in the intermediate land use area (Pihlajamäki), where the 

proportion of green spaces was 10% higher and proportion of trees almost 20% higher in the study 

by Lundberg than in my study. This difference is mostly due to the effect of shadows, which will 

be discussed in section 4.2.   

 

Figure 18. The proportion of green spaces (left) and trees (right) in the three catchment areas 

with varying degree of land use intensity as compared between manual classification (white bars) 

by Lundberg (2011) and object-based classification (black bar) of this study. 
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4.2. Limitations of the studied method and suggested improvements 

 

The effect of shaded spaces was the most significant factor affecting the green space classification 

accuracy. This problem has been recognized also in previous studies (Degerickx et al. 2020, 

Zylshal et al. 2016, Dare 2005) as shadows are one of the most common types of error encountered 

in remotely sensed data. A shaded object loses its spectral information partially or entirely (Dare 

2005) and, as a result, calculating the NDVI value to detect live vegetation becomes impossible 

for these objects. I identified numerous green spaces negatively as non-vegetation due to the effect 

of shadows. The problem occurred particularly in the catchments of Pihlajamäki and high Itä-

Pasila. (Figure 19) due to the high amount of tall buildings that created shadows over green spaces. 

In the case of Veräjämäki, the accuracy of 92% was reached for the green space classification. The 

higher accuracy, compared to the other two catchments, is related to less intense land use and the 

absence of tall buildings. Low pair-house apartments do not cause problems of same magnitude as 

created by tall buildings. The main two reasons contributing to the occurrence of shadows are the 

number of elevated objects and the time of the image captured. Time has an effect on the angle of 

incoming sunlight and the length of shadows cast by the elevated objects. The specific time of 

capturing the satellite images was not known, but the angle and the length of the shadows suggest 

that the images were taken during the later hours of the day, which probably contributes to the 

decreased classification accuracy. When including the extraction of shaded green spaces into the 

model, it would be possible to clearly increase the accuracy of the green space classification. 

Numerous attempts have been made to overcome the problem caused by shadows, but it has turned 

out to be quite difficult to extract and restore shadow-covered information on an urban 

environment from very high resolution (VHR) satellite imagery (Dare 2005). Zhou et al. (2009) 

compared three different methods for the classification of shaded areas in high spatial resolution 

imagery of urban areas using object-based procedures. The method that used multisource data 

fusion as an aid in the classification of shadows gave the best results. The method used two 

different images taken during different times of a day in different seasons. As a result, the shadows 

occurred mostly in different places between these two images. The method provided a much better 

means for shadow classification than the other two methods. However, as it requires two images 

taken at different times of the year, it is more cost and time consuming than the methods that are 

based on a single image. Furthermore, it is reported (Zhou et al. 2009; Dare 2005; Yuan 2008) that 
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applying multisource data fusion on high spatial resolution images is challenging because of 

radiometric difference and spatial misregistration among different images, and it may lead to 

significant errors. Therefore, it would be more viable to use single image-based solutions. 

Degerickx et al. (2020) suggested collecting additional training data for shadow classification. The 

data could be combined with other training data, or separately train a specific model dedicated on 

shadow classification. 

Few classification errors occurred in non-vegetation areas as some of the building roofs were 

misclassified as green spaces (Figure 20). This effect occurred particularly in the area with low 

land-use intensity, where some of the building roofs bared a reddish tint. These roofs have similar 

spectral properties as vegetation, which exceeds the NDVI threshold value and causes these roof 

objects to be misclassified as vegetation. Similar effect was also noticed regarding red cars on the 

streets of Itä-Pasila. The problem could be avoided by increasing the NDVI threshold value, but it 

would result in leaving some of the actual green spaces out of the classification. Another approach 

to reduce false classifications caused by building roofs would be to filter out the buildings before 

the classification process. For instance, Faten et al. (2018) used deep learning approach for 

building detection using LiDAR–Orthophoto fusion. By doing this, it would not be necessary to 

change the algorithm or threshold values for NDVI.  

      

Figure 19. Shaded objects.                 Figure 20. Color confusion. 
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Figure 21. Mixed object. 

 

On some occasions, small non-vegetation objects were erroneously classified as green spaces. This 

occurred in cases where a non-vegetation feature, such as a single streetlamp was surrounded by 

vegetation like grass lawn, resulting in the identification of the streetlamp as elevated vegetation 

(Figure 21). One possible cause for this is suboptimal segmentation parameters: a scale parameter 

defines how large the objects are formed in the segmentation process; the higher the scale, the 

larger the object. In this study, the chosen scale parameter of 60 could have limited the object size 

too much, preventing classification of smaller elements. The mixed object phenomenon is 

recognized in previous studies. For instance, Chen et al. (2018) states that image segmentation 

usually produces the missegmented boundary of objects and, as a result, important, small land 

cover patches cannot be successfully segmented and they are merged into adjacent objects. 

However, the effect on overall accuracy is likely to be minimal since these types of cases cover 

only very small areas. 

 

4.3. Urban green space potential in regulating urban runoff in the studied catchments 

 

Green spaces help to regulate urban runoff in various of ways: interception and transpiration by 

plants and infiltration, percolation and evaporation by soil regulate urban runoff, thus mitigating 

e.g. flooding (Song et al. 2020). As the profiles of green spaces were very different between the 

studied catchments, it can be assumed that their ability to affect the generation of urban runoff also 

varies. The area with the highest land use intensity (Itä-Pasila) and the smallest cover of green 
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spaces (36%) and, based on visual inspection, also the level of fragmentation was the highest. This 

type of catchment obviously cannot infiltrate stormwater and detain runoff as well as the small-

house area (Veräjämäki) with the high cover of green spaces (70%). Furthermore, soil around 

many of the trees in the downtown area was completely covered by impermeable layer, suggesting 

limited ability of street trees in contributing to stormwater management, only through interception 

and evapotranspiration. 

In contrast, tall vegetation in forests and gardens in the catchment with low urban land use 

contributes to interception and transpiration capacity and, in addition, bare soil under the canopy 

layer allows effective infiltration of rainwater. Indeed, Taka (2012) found that while in the high 

land use area in Itä-Pasila even the smallest precipitation events turned into runoff very quickly, 

in the low land use area in Veräjämäki the same events did not necessarily generate any runoff at 

all. This indicates the importance of green spaces in mitigating urban flooding, which is expected 

to increase with the climate change due to intensified regime of extreme precipitation (Pfleiderer 

et al. 2019). Therefore, green spaces should be acknowledged and taken into consideration in land 

use planning. 

The area with intermediate land use (Pihlajamäki) had areas of base rock in the catchment, which 

are likely to decrease the infiltration capacity of the catchment. Big proportions of this base rock 

area became classified as green spaces because of a layer of low vegetation (eg. grass) on the top 

of the base rock. Such green spaces correspond to constructed urban green ecosystems like 

vegetated roofs, often called also as green roofs, which, nevertheless, can substantially contribute 

to stormwater management by delaying and reducing peak flow rate and reducing runoff volume, 

thereby decreasing flooding and erosion during precipitation events (Li & Babcock 2014). Thus, 

even though green spaces with high vegetation undoubtedly are the most efficient in urban runoff 

management, the role of green spaces with low vegetation should not be neglected. Even dispersed 

patches of numerous green spaces within built areas can mitigate flooding risk, while aggregating 

buildings and green space into larger, separate areas exacerbates risk (Bai et al. 2018). The 

implementation of vegetated roofs and other small green features like rain gardens is one way to 

surpass the lack of green spaces in densely built environment, like the developed areas with intense 

land use (Itä-Pasila and Pihlajamäki) in my study. This development is already taking notion as 
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City of Helsinki has begun to promote the establishment of vegetated roofs on newly planned 

urban areas (Mononen 2019). 

The benefits of urban green spaces are being increasingly acknowledged and cities such as 

Helsinki, Berlin and Seattle are taking steps towards integrating green infrastructure thinking 

into urban planning. For instance, the city of Helsinki has developed a so called Green Factor 

tool, which aims to ensure sufficient green infrastructure when building new blocks in a dense 

urban environment. In the green factor method, the planner sets a green factor target level for the 

plot that can be achieved by using various green elements when designing the garden. The green 

factor is calculated as the ratio of the scored green area to lot area (Climate proof city, 2014). 

4.4. Conclusion and way forward 

 

I found the object-based image analysis together with LiDAR data fusion to provide good means 

for urban green space mapping and classification. The presented method allowed a quick data 

acquisition with good overall accuracy while avoiding the problems previously related to more 

traditional pixel-based methods, such as the ‘salt and pepper effect’. The addition of LiDAR data 

created the possibility of extracting vegetation height and using it in the classification process in 

order to divide vegetation into four different classes. Indeed, the main advantage of this study, 

compared to most previous urban green space studies, is the ability to provide fine scale 

information on urban green spaces and its vertical dimensions.  

Since urban green spaces are increasingly important in mitigating the adverse effects of climate 

change, such as flooding due to precipitation extremes, and also providing various other ecosystem 

services, detailed information on urban green is valuable in several of ways. Fine-scale urban green 

space data can be valuable information in supporting land-use planning, mapping and quantifying 

urban ecosystems as well as monitoring environmental changes. Shaded object problem was 

identified as one of the biggest factors affecting green space classification accuracy and, therefore, 

more attention is required to overcome the problem. Especially the use of LiDAR for mapping 

shaded areas should be studied. While the present study did not make completely new discoveries, 

it identified and summed up some of the recent challenges and provided suggestions on how to 

move forward. 
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Appendices 

Appendix 1. FilterData algorithm applied on LAS files with FUSION program. 

 

” produces an output file (q1334585_NO.lda) that contains only returns with elevations that are 

within 4 standard deviations of the mean elevation” 

cd "C:\FUSION" 

SET rootpath=C:\FUSION\URCA\OK\vmaki 

:: SET rootpathsupport=C:\FUSION\supporting_data 

 

PolyClipData "%rootpath%\verajamaki_mask_EUREF_FIN_TM35FIN.shp" 

"%rootpath%\Verajamaki_clip_EUREF.las" "%rootpath%\L4134C1.las"  

FilterData outlier 4 10 "%rootpath%\Verajamaki_clip_EUREF_filter.las" 

"%rootpath%\Verajamaki_clip_EUREF.las" 

:: gridsurfacecreate "%rootpath%\Verajamaki_clip_EUREF_filter_Surface.dtm" 1 M M 0 0 0 0 

"%rootpath%\Verajamaki_clip_EUREF_filter.las" 

 

 :: "comment from the manual - The following command line produces an output file 

(q1334585_NO.lda) that contains only returns with elevations that are within 4 standard 

deviations of the mean elevation for all returns in the 10- by 10-meter grid cell" 

 ::    --->  FilterData outlier 4.0 10 q1334585_NO.lda q1334585.las 

 

 

 

 

 

 

 

 


