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1 INTRODUCTION 

 

We live within steadily urbanizing societies (United Nations Human Settlements 

Programme, 2020). Urban is seen by some as the opposite of nature (Hartig et al., 

2014). When we think of nature, attention is often given to pristine and distant 

ecosystems that are far away from our daily urban lives (Chiesura, 2004). However, 

nature is not that remote as it might seem. Urban greenery provides us with nearby 

opportunities to experience nature within our own cities (WHO Regional Office for 

Europe, 2017). 

Urban green areas are diverse and can uphold many qualities. Urban greenery can be 

private or public, ranging from solely human-derived greenery to remnants of nature 

from times before urbanization (Escobedo et al., 2011; Roy et al., 2012). There is a 

slew of terms available for describing these areas (Hartig et al., 2014). However, one 

thing is certain: in an urban setting, greenery’s shape, allocation and quantity are 

determined by humans (Escobedo et al., 2011). 

With humanity ever increasingly adapting to live in the cities, urban greenery is 

paramount to our quality of life (Chiesura, 2004). Greenery has been present in our 

cities for a long time, because people believe it to induce positive effects (Hartig et al., 

2014). Greenery is linked to physical, social and psychological benefits (Chiesura, 

2004; Sugiyama et al., 2008). The benefits gained are not homogenous, with different 

types of greenery producing various benefits (Hartig et al., 2014). Even though society 

changes to a more urbanized form, the presence of nature and greenery remains vital 

(Chiesura, 2004) and urban greenery has been progressively incorporated into cities’ 

quality of life programs and policies (Escobedo et al., 2011). 

Less recognition has been given to the human perspective of greenery (Long & Liu, 

2017). Most often greenery is observed from a top-down point of view, through the 

sensors of aerial vehicles or satellites (Li, Zhang, Li, Kuzovkina, et al., 2015). Thus, 

planned realities inspected from high above rarely match the true greenery experienced 

by the people (Long & Liu, 2017). To challenge this, the human perspective of 

greenery has recently gained considerable attention in the scientific community and 

has been promoted into usage (Long & Liu, 2017). 
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This human perspective of greenery is termed human-scale greenery (HSG) for this 

study. Human-scale greenery reflects the amount of greenery both perceived and 

experienced by people on their level. It includes the whole surrounding 360 degrees of 

environment, not just the view in front of a person, as people seldom fix their gaze 

only towards a single direction (Ohno, 1991).  It is location dependent, varying from 

site to site.  

Ability to sense and experience greenery at human-scale is vital to our wellbeing. 

Experiencing greenery is a part of the sensory functions of people (Yang et al., 2009). 

Amount of greenery perceived influences people’s opinions of scenery (Aoki, 1976; 

Ohno, 1991; Schroeder & Cannon, 1983). People feel more positively about urban 

greenery projects that are visible to them (Yang et al., 2009). The experience can affect 

health, both physically and psychologically (Helbich et al., 2019; Leng et al., 2020; 

Liu et al., 2021; Ulrich, 1984; Villeneuve et al., 2018). Human-scale greenery can also 

be linked to socioeconomic phenomena (e.g. Fu et al., 2019; Li, Zhang, Li, Kuzovkina, 

et al., 2015; Zhang & Dong, 2018).  

However, assessing human-scale greenery has been a difficult task (Yang et al., 2009). 

The experience of greenery is varied. Time, origin and destination, culture or physical 

features can affect one’s perception of greenery (Aoki, 1991; Falfán et al., 2018; 

Tyrväinen et al., 2003). Assessment of greenery can go down to the smallest of details: 

evaluating arrangements, patterns, colors and textures etc. of greenery (Yang et al., 

2009). Even other senses than the visual one can alter how scenery is regarded 

(Tyrväinen et al., 2003). 

An interdisciplinary gap exists between human-scale greenery research and 

technological advancements. Urban researchers trying to assess it have often relied on 

traditional, qualitative and time-consuming methods, instead of adopting modern, 

data-driven approaches (Long & Liu, 2017).  

There have been attempts to bridge this gap, with the introduction of novel, automated 

approaches and indices for quantifying the peoples’ perspective on greenery (see: Li, 

Zhang, Li, Ricard, et al., 2015). These new methods and indices try to simplify 

experienced greenery to make it more comprehensible (Yang et al., 2009). In this 

study, these new methods and indices that try to quantify human-scale greenery are 

collectively called as human-scale greenery indices. 
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However, the introduction of these modern computational methods has brought up an 

issue that needs to be taken into consideration. There is a lack of knowledge on how 

the various methods of trying to quantify human-scale greenery manage to capture it 

(Aoki, 1991; Falfán et al., 2018; Yang et al., 2009). This gap limits our ability to 

understand the experience of urban greenery as a sensory function (Li, Zhang, Li, 

Ricard, et al., 2015). 

This study is an attempt to bring some light into this issue. The main pathway for 

reaching this goal is an empirical study, which compares the assessed greenery by 

people with modelled greenery values. Various modern modelling approaches are 

tested, to see if they can manage to catch what people experience on the ground level. 

Additionally, the study attempts to better understand the diverse experience of 

greenery among various socio-demographic groups, by collecting sociodemographic 

variables and comparing them to greenery assessments. 

To reach the goals of the study, the following research questions are formulated: 

1. Which kind of datasets and methods are currently most suitable for quantifying 

human-scale greenery and how well they capture the human experience? 

2. How does the human perception of greenery vary sociodemographically?  
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2 BACKGROUND 

2.1 Urban Greenery 

 

Urban greenery is the natural component of cities, presented to all the urban dwellers. 

It comes in a multitude of forms, both public and private (Wolch et al., 2014). Parks, 

urban forests, sea and river fronts, communal gardens (Roy et al., 2012) and similar 

examples might not surprise anyone. On the flip side, more fabricated habitats such as 

sport turfs, street-trees and paths are also part of urban greenery (Roy et al., 2012). 

Further, more personal green spaces, private gardens and grasses, lawns of non-public 

buildings can be seen as parts of the cities’ green spaces (Wolch et al., 2014). 

While usually taking up space, urban greenery also provides benefits via ecosystem 

services. These can be favorable to the residents and tackle the setbacks related to 

urban life. Many of these benefits are related to health and human well-being (Hartig 

et al., 2014; Wolch et al., 2014).  

Urban greenery can alleviate pollution levels and perform carbon sequestration, thus 

elevating air quality (Escobedo et al., 2011; Hartig et al., 2014). Urban green spaces 

serve as barriers, protecting people from harmful environmental phenomenon, such as 

stormwaters or the sun (Escobedo et al., 2011). They filter wind and noises, alongside 

balancing cities’ microclimates (Chiesura, 2004). The barrier analogue works for the 

psychological benefits as well. Greenery can provide distance and limit exposure to 

negative phenomenon, therefore reducing the effects and induced stress or help by 

providing a fruitful ground for restorative processes (Hartig et al., 2014). 

Exploring urban greenery can provide a sense of escapism from the city, while 

simultaneously promoting physical movement (Chiesura, 2004; Hartig et al., 2014; 

Sugiyama et al., 2008). It offers the spaces needed for physical exercise, thus 

promoting a healthier lifestyle (Hartig et al., 2014).  

However, this escapism might not be so tempting, if green spaces do not fulfill 

necessary requirements. Travel distance and the type of greenery present are important 

variables that affect how much people use green spaces (Wolch et al., 2014). 

Along physical gains, urban greenery provides the basis for more psychological and 

social benefits (Chiesura, 2004). The presence of greenery can be associated with 
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mental health (Sugiyama et al., 2008). Parks and other green spaces are used for 

relaxation and a wide range of other societal functions (Chiesura, 2004). The presence 

of greenery can encourage social communication and boost social unity (Sugiyama et 

al., 2008). 

Visiting green spaces might be conducted with the purpose of fulfilling a single 

activity, but it usually includes co-benefits that are gained automatically in addition 

(Hartig et al., 2014).  

While ecosystem services from urban greenery are often gained near automatically, so 

are also ecosystem disadvantages. Not everything gained from nature can always be 

seen positively. While the shade from trees can often be seen as an advantage, it can 

be a negative consequence for someone else (Roy et al., 2012). Vegetation can also 

play a part in deteriorating air quality by releasing hydrocarbons, pollen and by causing 

allergies to the urban citizens (Hartig et al., 2014). On the ground level, roots, 

branches, leaves and seeds will cause caretaking issues for properties and can act as 

fodder for wildfires (Roy et al., 2012).  

Because of the diverse nature of urban greenery, the benefits and its quality cannot be 

seen as uniform. In reality, cities often direct their attention towards only benefits 

gained from man-made greenery, thus neglecting perks gained from already existing 

natural urban green environments (Chiesura, 2004). As an example of these effects, 

Chong et al. (2014) found that there are more bird species present when the tree layer 

is managed, but with a managed understory layer, the biodiversity declines. Their 

study discovered that managed greenery can appear to increase biodiversity for 

specific sites, while in reality it causes homogenous distribution of species and 

therefore dwindles the actual biodiversity.  

For humans alike, green environments are not preferred equivalently. Carrus et al. 

(2015) discovered that the well-being and restorative advantages gained from urban 

greenery are dependent on the amount biodiversity present. This was observed for both 

urban and peri-urban green spaces.  

The access to urban green spaces can be disparate, and thus the preferences are not 

always up to individuals. Especially minority groups and low-income neighborhoods 

can have a hard time accessing the unequally distributed green oases of a city (Wolch 

et al., 2014). 
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Many methods have been tried and tested for assessing urban greenery. Two main 

pathways for studying urban greenery have emerged: qualitative or subjective (self-

reported) and quantitative or objective (physical) (Falfán et al., 2018). Qualitative 

methods include such as: interviews and focus groups, contextual analysis, 

observations and case studies. Quantitative approaches encompass questionnaires, 

field surveys and experiments, GIS and remote sensing methods and other data 

exploratory pathways. (Roy et al., 2012).  Qualitative methods are needed, because 

GIS and data driven approaches may fail to acknowledge all the nuances that affect 

greenery distribution and characteristics (Wolch et al., 2014).  However, data driven 

GIS and remote sensing approaches are vital due to their ability to capture the big 

picture from large swaths of land, while simultaneously being easily repeatable (Gupta 

et al., 2012). 

 

2.2 Human-scale greenery 

 

The traditional methods for evaluating urban greenery have had a top-down or bird’s 

eye view perspective for greenery assessment, simultaneously streamlining vegetation 

into two-dimensional biomass or canopy cover (Yang et al., 2009). The vertical 

dimensions of greenery are often dismissed (Gupta et al., 2012).  Recently approaches 

that survey greenery down from the human point of view have arisen as alternatives. 

These human-scale greenery measurements try to quantify the amount of greenery that 

is experienced on the surface of the urban forest, to better express what is happening 

on the ground level (Yang et al., 2009).  

While the usage and study of human-scale greenery has surged in the recent times, it 

is not a new phenomenon gain attention. The earliest scientific attempts to capture 

human-scale greenery come from Japan. Utashiro & Ohsuga (1974) interviewed 

people outside to gather their impressions of greenness and tested the responses for 

correlation with the greenery of images from the same sites (Aoki, 1987; Aoki, 

Yasuoka & Naito, 1985). Early research was also done by Aoki (1976) and Schroeder 

and Cannon (1983) who calculated the portion of images covered by vegetation to 

assess aesthetic preferences. Of the aforementioned, Aoki especially targeted the green 

portion of vegetation (Aoki, 1991).  
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Another early study by Aoki et al. (1985) tried to “establish a method of quantifying 

the amount of the green environment that is perceived by respondents”. This could 

therefore be seen as the first attempt to form a quantitative human-scale greenery 

indicator. In their study they tested two pathways for extracting greenery. Firstly, 

interviewing participants in fixed locations for their assessments of the surrounding 

greenery and then comparing the gained values to the greenery of photographs taken 

at the same locations. Secondly, the participants were asked to walk along various 

streets and rate their perceived greenery for the whole path. These values were then 

compared to the greenery of photographs, this time taken from multiple locations along 

the street in question with 10 meter intervals (Aoki et al., 1985).  

Aoki (1987) also first coined a term for a human-scale greenery index, which he called 

the “greenness visibility ratio” and defined it as the ratio of greenness within the field 

of vision (Chen, Zhou & Li, 2020). This was further developed by Yang et al. (2009) 

who introduced the “Green View” index (GVI). It estimates the amount of greenery 

visible on the ground to the people, in various parts of a city. While previous greenery 

and landscape assessment studies have used similar approaches, Yang et al. (2009) is 

the first one that uses randomly sampled study sites instead of subjectively chosen. It 

also tries to aggregate values for entire areas, instead of just sites. The equation used 

by Yang et al. (2009) can be laid out as: 

  𝐺𝑉𝐼 =  
∑ 𝐴𝑟𝑒𝑎𝑔

𝑛= 4
𝑖=𝑖

∑ 𝐴𝑟𝑒𝑎𝑎
𝑛= 4
𝑖=𝑖

∗ 100% 

Where 𝐴𝑟𝑒𝑎𝑔 is the area of greenery pixels and 𝐴𝑟𝑒𝑎𝑎 is the area of all pixels. The 𝑛 

is 4 due to four images being used, but it can be altered based on the number of images 

used. The method is shown in Figure 1. 
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Figure 1. An example of GVI calculation by Yang et al. (2009). From top left 

clockwise: 1) GVI calculation locations. Randomly sampled study sites 2) Images 

taken from the locations. One to each general direction 3) Green pixels extracted from 

image. They were manually selected with Photoshop 4) Pixel counts and statistics of 

extracted greenery in the images. 

 

However, the method used by Yang et al. (2009) relies on manually extracting the 

green vegetation portion of images taken at sampled sites. This requires a great deal of 

work and time, with also being suspect to miscalculations due to human-error (Xia et 

al., 2021; Ye et al., 2019). A more automated approach was introduced by Li, Zhang, 

Li, Ricard, et al., (2015). It uses Google Street View (GSV) images downloaded from 

the Street View API (Google, 2021b), instead of self-taken images. This was further 

developed later to use automatic image segmentation to extract greenery in images (Li, 

Zhang, Li, Kuzovkina, et al., 2015). 

Even though manipulating photographs has been the most popular method for 

quantifying experienced greenery, other alternatives have sprung up as well. As an 

early example, Ohno (1991) tried to model a virtual field of view by using land use 

and height data in a CAD program. As seen in Figure 2, he was able to calculate the 
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simulated proportions of various types of surfaces in a virtual image, along with 

assessing the horizontal distances of viewable objects in relation to the observer. The 

goal of Ohno’s study was to create a system to assess land development projects before 

their realization. Similar newer alternatives include the usage of terrain and surface 

models to simulate the viewshed (eg. Labib et al., 2021), LiDAR approaches (eg. 

Susaki & Komiya, 2014; S. Yu et al., 2016), voxel classification (eg. Susaki & Kubota, 

2017) and semantic viewshed analysis of CityGML virtual models (Virtanen et al., 

2021).  

 

 

Figure 2. Early attempts of modelling the viewshed virtually using a CAD program 

(Ohno, 1991). 

 

2.2.1 The experience of human-scale greenery 

 

When interacting with their surrounding environment, people rarely conduct it in a 

tunnel limited by their field of vision. Humans constantly react to their experienced 

surroundings, consciously and unconsciously. This means that even the area behind a 

person is part of their experienced environment (Ohno, 1991). The experience is also 

not limited to the visual aspect: other senses also have an influence. Yet, the visual 

experience is the one that dictates the most how well an environment is received 

(Tyrväinen et al., 2003). 

The visual experience of a surrounding environment can be divided into two separate 

types: focal visual information and ambient visual information (National Research 

Council (US) Committee on Vision., 1985; Ohno, 1991; Trevarthen, 1968). A diagram 

illustrating these is in Figure 3. 
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Figure 3. An illustration of the two types of visions. Focal vision targets a small 

subsection of the visual field and tries to assess what it captures. Ambient vision 

captures the rest of our viewshed and tries to assess where everything is (Ohno, 2000). 

 

Focal vision first and foremost answers to the question: “what” (National Research 

Council (US) Committee on Vision., 1985). It is highly sensible to details and works 

on a small part of field of vision (Trevarthen, 1968), requiring constant concentration. 

Because the focused part needs to be accurate, focal vision doesn’t work optimally on 

the outskirts of vision (National Research Council (US) Committee on Vision., 1985). 

That’s why the head automatically tries to point towards the target and the muscles in 

the head can compensate for distorting effects caused by movement (Trevarthen, 

1968). Focal vision has also been the main focus of vision related studies, due to it 

being used for visual evaluation of objects. (National Research Council (US) 

Committee on Vision., 1985). 

Concentrating on a different question, ambient vision tries to answer: “where”. Where 

everything is in relation to the observer and where is the observer in relation to the 

surroundings (National Research Council (US) Committee on Vision., 1985). It is able 

to draw conclusions from generalized visual information quickly, thus usable even 

when moving or when reacting to changes in the surrounding environment 

(Trevarthen, 1968). Ambient vision works mainly subconsciously: if too much is 

happening in ambient vision, it deteriorates the quality of focal vision as well (National 

Research Council (US) Committee on Vision., 1985). It’s also been hard to quantify, 

as seen by the limited scope of research on it (Ohno, 2000). 

The two types of vision work together to assess the whole surrounding environment. 

Areas of interest in ambient vision get assessed to focal vision, and with a few turns 
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of head, the whole surrounding area gets evaluated by ambient vision (Trevarthen, 

1968). Thus, when thinking about human-scale greenery, it doesn’t just mean the green 

in front of a person or individual green objects. As Ohno (2000) specified, ambient 

vision is used to asses surfaces. It therefore also targets greenery that appears as 

surfaces outside of the focal vision. 

The amount of greenery experienced with the two types of vision affects how we react 

to environments. Aoki (1976) found that people have a more richer impression of 

greenery, if more than 30% of the viewing area is green. An increase in the amount of 

greenery visible indicated a hike in the opinion of a certain view (Aoki, 1991). In a 

similar study, Ohno (1991) found that if at least 15% of a view is green vegetation, 

participants have more positive and natural feelings of the scene. In Ohno’s study the 

natural feeling didn’t increase after 15%, but the study was conducted with models 

depicting environments instead of real ones. Supporting this preference of greenery, 

Schroeder and Cannon (1983) discovered that the area of a scene covered by green 

vegetation was the most important factor when judging street attractiveness. 

While an increase in human-scale greenery can indicate positive feelings and 

satisfaction, there could be negative side-effects and problems introduced as well. The 

establishment of green vegetation to increase ground-level greenery can bring 

byproducts such as allergens and water shortages, because visually large species might 

consume large quantities of water (J. Chen et al., 2020). Likewise, the species that are 

most preferred or attractive for greenery from a visual perspective might not be 

ecologically the most suitable ones (Schroeder & Cannon, 1983). Greenery that is 

pleasing for people should not be automatically considered as attractive or favorable 

for the fauna as well (Chong et al., 2014). 

Also, visible greenery cannot be automatically seen as a positive indicator for people’s 

wellbeing. While Ulrich (1984) saw greenery views as beneficial in general, he also 

warned that the benefits might not be uniform among people. A lively city view might 

be more beneficial to someone than a peaceful green landscape. The positive benefits 

of greenery can be confused with general liveliness and the lack of monotonicity in a 

scene.  

Estimations of human-scale greenery can also be used to predict other phenomena. 

Both Zhang & Dong (2018) and Fu et al. (2019) found that their version of  Green 
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View Index had a significant positive correlation with real estate pricing. In China, 

green land cover within residential units has been used as a pricing indicator, but street 

level greenness seemed to predict the changes more accurately.  Human-scale greenery 

can also trigger gentrification and environmental segregation:  GVI was found to 

correlate with neighborhood income levels in the USA (Li, Zhang, Li, Kuzovkina, et 

al., 2015). It seems that green vegetation provides a pleasant aesthetic for city streets 

and is therefore more desirable (Schroeder & Cannon, 1983). Villeneuve et al. (2018) 

found a connection between the number of hours spend on recreational activity and 

GVI during the summer. Health benefits can also be connected to human-scale 

greenery. Neighborhood mean GVI values of below 15 can be linked to weight 

problems and a lack of physical activity, with an additional increased risk of 

cardiovascular issues such as high blood pressure and strokes (Leng et al., 2020). 

This connection between GVI and health benefits has been found quite early already, 

with Ulrich (1984) showing that the amount of greenery visible from a hospital room 

was inversely related to days needed for recovery and the amount of painkillers 

necessary. Patients experiencing more greenery from the windows also described their 

condition more positively than patients with no access to outside visual greenery. 

Similar modern findings have been found by Liu et al. (2021), where high GVI was 

associated with less negative feelings. 

While these benefits could be brushed off by implying that the general vicinity of urban 

greenery causes them, there are major differences between the two viewpoints on 

greenery. In Leslie et al. (2010), there was a clear mismatch of results gained via 

perception and NDVI. Similar relationships as with GVI didn’t arise for NDVI and 

recreational activity in Villeneuve et al. (2018).  This disparity also appeared for 

Helbich et al. (2019), where they found an inverse connection between GVI values 

and mental health problems, but the same didn’t come forth for top-down greenery 

approaches. This disconnect between HSG indices such as GVI and traditional 

greenery methods has been observed many times (e.g. Ki & Lee, 2021; Liu et al., 2021; 

Zhang & Dong, 2018).  

All experiences of human-scale greenery are also not uniform. The way one feels about 

surrounding green landscapes is dependent on the time spent near it (Aoki, 1991). 

Likewise, people passing by or travelling though areas feel differently about the green 
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environments present there than the current inhabitants (Tyrväinen et al., 2003). There 

might also be cultural and physical differences on how greenery is experienced. Falfán 

et al. (2018) found hints that gender and age can affect the amount of greenery 

perceived, with people under 37 and over 50 experiencing less green when compared 

to GVI ratios. Akin, women appeared to experience more greenery than men. 

However, the results were not similar when tested in another city and might be related 

to the way that people express themselves. 

Even if the amount of human-scale greenery would be uniform, various types of green 

environments are not preferred equally. Tyrväinen et al. (2003) found that in an urban 

Finnish forest, people have preferences on the species of trees visible. The most 

preferred environments were ones with just one type of tree visible. Opinions of mixed 

forests depended on the components. Earlier Schroeder and Cannon (1983) came up 

with similar results, where people in USA preferred scenes with one species, notably 

big and old trees. These might also be culturally and socially linked. It appears that 

preferences on greenery are linked with variables such as age, education level, housing 

type and general familiarity with green environments (Tyrväinen et al., 2003). 

 

2.3 Surveyed methods to capture human-scale greenery 

 

During the previous decades, most studies on experienced greenery have been 

conducted with a qualitative and subjective approach (Yang et al., 2009). Visual 

experiences have been studied by both on-site appraisals and experiments conducted 

at labs (Aoki, 1991).  

There are aspects related to surveyed methods that need to be considered. Subjective 

measures cost both time and funds more than physical approaches, and are more prone 

to human induced biases (Gupta et al., 2012). They can better capture the quality aspect 

of greenery than quantitative approaches (Leslie et al., 2010). 

Manual segmentation of pictures is the earliest method for greenery extraction. 

Previously it has been used to extract people’s preference assessments on photographs 

taken from the studied locations (Yang et al., 2009). Nowadays it usually means 

selecting the green parts of an image with a graphics editor. In the Green View defining 
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article by Yang et al. (2009), greenery was selected by using Photoshops magic wand 

tool and simultaneously manually deselecting non-vegetation green objects. Alongside 

proprietary programs, open source software can be used as well (e.g. Falfán et al., 

2018). 

Manual evaluation of images has several disadvantages that need to be considered. It 

tackles mainly the visual aesthetic aspect of a scene (Tyrväinen et al., 2003) and does 

not include the whole sensory experience that might be experienced at the actual 

location (Aoki, 1991). The images portray the photographer’s interpretation of a scene 

and thus are at least somewhat biased (Aoki, 1991). The evaluation process is also 

affected by the subjects’ peculiar characteristics and their cultural heritage (Aoki, 

1999). However, the usage of images can be  a quicker alternative to on-site appraisals, 

because many locations can be inspected during one occasion (Aoki, 1991) 

After the breakthroughs of other image segmentation methods, manual segmentation 

has moved more towards a reference role. It can be used as a validation method for 

other segmentation techniques (Long & Liu, 2017). Also, when the amount of images 

in need of processing is low, it can be used as a substitute for more complex methods 

(e.g. Falfán et al., 2018). 

While the evaluation of photographs has been a common survey technique for 

assessing human-scale greenery, there have been alternatives. On site estimation of 

visible greenery was done by Falfán  et al. (2018), where subjects were asked to 

estimate how green locations appear around them. In Leslie et al. (2010), a postal 

survey was used to gather responses. The participants were asked to rate the amount 

of greenery within their neighborhood.                                                                                                                                                                                       

There have also been alternative virtual approaches. In Ohno (1991), participants were 

shown scenes from a virtual model via a modelscope. These scenes were then then 

rated. Schroeder & Orland (1994) performed preference assessments of vegetation by 

using artificially created trees from a CAD program. These trees were then added onto 

a video feed which was shown to the participants.  
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2.4 Computational methods to capture human-scale greenery 

 

After the modern, big data driven computational approach by Li et al. (2015), various 

indices and methods for extracting human-scale greenery have sprung up in a short 

period of time. These are all connected by the original premise of trying to quantify 

the human-scale greenery at different parts of a city, set up by Yang et al. (2009). 

Unlike in the past, they mainly rely computational methods to extract greenery from 

vast data sources.  

Functionally similar indices have also various names and some studies have calculated 

the ratio of greenery or vegetation in the field of view without describing it as an index 

(e.g. Jiang et al., 2017). To demonstrate this confusion, some new index abbreviations 

include GVI (Green view Index, Yang et al., 2009), FGVI (Floor Green View Index, 

S. Yu et al., 2016), sGVI (Standardized Green View Index, Kumakoshi et al., 2020), 

PGVI (Panoramic Green View Index, Dong et al., 2018), VGVI (Viewshed Greenery 

Visibility Index, Labib et al., 2021), GSR (Green Space Ratio, Susaki & Komiya, 

2014) and PVGVI (Panoramic View Green View Index, Kido et al., 2021). 

 

2.4.1 Image based methods 

 

Even though the earliest attempts to quantify human-scale greenery began with 

photography-based methods, images have again become a popular data source after 

the discovery of novel, street-level, iterable data sources. These new image sources 

can be unbiased and show the true nature of a city in the sense that they are not affected 

by the individual subjective biases of a photographer (Long & Liu, 2017). 

For most of the world, this change in urban street imagery has been due to the data 

hegemony of Google Street View. Crowd-sourced alternatives such as Mapillary and 

KartaView (formerly OpenStreetCam) have been disturbing this balance slightly in the 

recent years. However, as with many other crowdsourcing platforms, these smaller 

competitors suffer from problems such as biased contributor ratios, varied spatial 

coverage and a highly diverse set of devices for capturing the images  (Ma et al., 2020; 

Quinn & León, 2019). GSV has the advantage due to the it’s more organized and 
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proprietary nature: periodical updates and 360-degree panoramas are a standard in the 

program itself (Alvarez Leon & Quinn, 2019). The situation is somewhat different for 

China. Due Google’s problems in there, local alternatives such as Tencent and Baidu 

Street View have risen as data alternatives (e.g. W. Chen et al., 2019; Fu et al., 2019; 

Long & Liu, 2017) 

While at first glance extracting greenery from an image may seem as a straightforward 

and easily repeatable process, it includes various factors for consideration. Already 

Aoki et al. (1985) noticed that different focal lengths are more useful for 

approximating the greenery in a plethora of environments. They found 28mm focal 

length to be the best one in most situations, but also that in some specific types of 

locations 85mm is the best one (35mm equivalent focal length). The distortions caused 

by the focal length greatly affect the dimensions of greenness in an image (Aoki, 

1987).  

While focal length affects the greenery of a single image, another question is to decide 

how many images will be needed to represent one spot, to what directions should the 

images be taken and how will they be merged or not merged. As the precursor, Aoki 

et al. (1985) settled on one image from each location and tried to capture the human 

perspective with changes in focal length. Yang et al. (2009) used four images from 

each study location, directed towards north, south, east and west. This approach didn’t 

capture the whole 360° field of view, due to each image only capturing a portion of 

50.7° due to the focal length used.  

More than often the camera angles and field of views are not publicly presented, 

leading to a situation where different greenery studies are not comparable (Virtanen et 

al., 2021).  However, the introduction of novel big data sources has allowed for more 

standardized options regarding the field of view. Google Street View API has a 

parameter for the horizontal field of view (Google, 2021b). This has provided 

researchers with various possible combinations: four images with FOV of 60° for each 

(e.g. Helbich et al., 2019; Long & Liu, 2017), six images (e.g. Dong et al., 2018; 

Kumakoshi et al., 2020; Zhang & Dong, 2018), eight merged into one (e.g. W. Chen 

et al., 2019; L. Cheng et al., 2017), 10 with FOV of 60° merged into one (e.g. Xia et 

al., 2021), 18 with various vertical headings (e.g. Li, Zhang, Li, Kuzovkina, et al., 

2015; Li, Zhang, Li, Ricard, et al., 2015). Examples of these setups are shown in Figure 
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4. Dong et al. (2018) compared the GVI values gained by the different setups and 

found differences (Figure 5), where notably the panoramic approach was different 

from the other types of combinations. 

 

Figure 4. Various image combinations for street view based GVI calculation from Dong 

et al. (2018). Left y-axis shows the vertical pitch angle from the horizon. Right y-axis 

shows the name of each specific combination. Y-axis shows each combinations’ 

horizontal heading angles or directions. 
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Figure 5. Comparison of image angle and field of view differences from Dong et al., 

(2018). The construction of these GVI variations is shown in Figure 4. 

 

As for the vertical field of view, the GSV API supports a 180° FOV (Google, 2021b). 

However, it has to be noted that GSV images have been produced with various camera 

setups throughout its development and are then joined together to form panoramas (Li, 

Zhang, Li, Ricard, et al., 2015; Ron, 2017). This causes the panorama image to be 

greatly distorted, especially in the upper and lower part. Due to this, the most usable 

part of a panorama is in the center (Tsai & Chang, 2013). Consequences related to the 

usage of a distorted panorama differ by situation. With medium level vegetation, 

greenery is underestimated, but with varied short and tall vegetation, greenery is 

overestimated (Xia et al., 2021). There are different opinions related to the distortions, 

with some using only the center part (E.g. Ki & Lee, 2021; Yin & Wang, 2016) and 

others relying on the whole image. 

After the right number of images are chosen, manipulated and stitched together, one 

must still pick the greenery from an image. This is also subjective to the equipment 

used. Different camera setups can capture visible greenery from various distances in 

relation the lens. As an example, J. Chen et al. (2020) estimated that street view images 

extracted from Baidu can be used to capture greenery 220 meters away. Thus, greenery 
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further away would not affect GVI calculations, even if it would be visible to 

bystanders at the spot.  The earliest attempts such as Aoki (1985) didn’t even try to 

determine the area of the greenery compared to the whole image, but instead 

subjectively estimated the ratio of greenery in a photograph. From those times, 

greenery extraction has moved to three main routes: manual (discussed in prev. 

section), color and semantic segmentation (Long & Liu, 2017). 

Color segmentation is an approach that classifies images based on color values. It 

expects that the various colors in an image represent different objects and color clusters 

(Khattab et al., 2014). There have been many pathways for color segmentation of 

greenery images (e.g. J. Chen et al., 2020; Larkin & Hystad, 2019; Li, Zhang, Li, 

Ricard, et al., 2015; Long & Liu, 2017; Zhang & Dong, 2018). 

The human view on color is based on the tristimuli of three main colors: red, green 

and blue, known together as the RGB color space (H. D. Cheng et al., 2001). RGB’s 

main problem with segmentation sprawls from the correlative essence of the three 

colors. All of them revolve around each other’s intensity. This causes problems in 

situations where there are heterogenous lighting conditions between images 

(Pietikainen et al., 1996). 

However, RGB is not the only color space. Many color space alternatives can be used, 

with some being more usable for different segmentation tasks (Khattab et al., 2014). 

Other color spaces can be derived with linear and non-linear transformations from 

RGB. (H. D. Cheng et al., 2001). Dong et al. (2018) used the HSI (hue, saturation, 

intensity) color space as the base for their segmentation. HSI is suitable for expressing 

color, because humans view system is good in distinguishing various hue values (H. 

D. Cheng et al., 2001). Long and Liu (2017) used HSV (hue, saturation, value), which 

is a similar derivate of HSI (H. D. Cheng et al., 2001). 

While obstacles such as shadows and lighting conditions can be somewhat solved by 

switching to a more preferable color space (Susaki & Komiya, 2014), other more 

fundamental problems exist with color segmentation. Colors do not understand the 

object that they are reflected from. When trying to capture experienced human-scale 

greenery with color segmentation methods, non-vegetation green objects such as cars 

and building facades might fulfill the requirements set up by classification parameters 

and can be interpreted as green vegetation (Kido et al., 2021; Long & Liu, 2017; Tong 
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et al., 2020). Similar issues arise when trying to address non-green parts of green 

vegetation that are covered by bark (Kido et al., 2021). 

A different way to segmentation can be found from semantic segmentation. Semantic 

segmentation is an image classifying method that relies on machine learning to better 

understand and segment images based on the contents. In an urban setting, its goal is 

to classify each pixel in an image, with the intention of producing a discrete 

classification for all types of objects specified (Xia et al., 2021). To function, a 

semantic segmentator needs to be trained. The learning process is carried out with raw 

training data, which is used to find out ways for separating or combining values in an 

image for classification. The raw training data is prelabeled for the machine learning 

method to train from (Lecun et al., 2015).  

For image segmentation, Convolutional Neural Networks (CNN) have outperformed 

other methods and therefore rose into popularity in the early 2010’s (Krizhevsky et al., 

2012; Lumnitz et al., 2021). These CNNs can use training datasets in the quantities of 

millions, which curbs down errors caused by small datasets used previously 

(Krizhevsky et al., 2012). CNNs are deep-learning methods, where various modules 

work together with input training data on various viewpoints and abstraction levels.  

LeCun et al. (2015) explain the functionality of CNNs: the image is first processed 

with shapes in mind, then with the directions of the shapes, and later with the 

distribution of the shapes and so forth. The most important factor is the way the 

training data is handled, which is decided by the machine to accommodate for the 

current focus, by the data. The human aspect of segmentation comes in the form of 

weights. The trained model tries to diminish the error deviation between its 

classification and the preferred classification, and this approach is modified by the 

human input of weights (Lecun et al., 2015). 

There is a wide range of methods and architectures available for deep-learning 

semantic segmentation methods. To measure and compare their capabilities, Mean 

Intersection-over-Union (mIoU) can be used as a benchmark  

𝑚𝐼𝑜𝑈 =
𝐴𝑟𝑒𝑎 𝑜𝑓 𝑂𝑣𝑒𝑟𝑙𝑎𝑝 ÷ 𝐴𝑟𝑒𝑎 𝑜𝑓 𝑈𝑛𝑖𝑜𝑛

𝑛
 

It assesses the results produced by a predictive algorithm compared to an annotated 

control dataset (Ghorbanzadeh & Blaschke, 2019). The mIoU values have grown 
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steadily, from approximately 63% in 2015 to nearly 78% in 2021 when testing against 

the Cityscapes training dataset (Cordts et al., 2016; Papers With Code, 2021). These 

improvements are in line with general improvements of machine learning methods by 

time (Lecun et al., 2015). 

However, mIoU cannot be used as a straightforward predictor for a semantic 

segmentation method’s greenery estimation ability. The method used by Kido et al. 

(2021) had an mIoU of 70.6% when tested against the Cityscapes dataset. When 

trained by the same data, it managed to predict GVI values with an accuracy of 93.3% 

against manually created annotation images. Similarly, the method used by Ye et al. 

(2019) had an mIoU of 57% against Cityscapes, but had a GVI accuracy of 90% with 

the authors’ own training data. Alike, the method used by Lu (2018) had a mIoU of 

80.2% (Zhao et al., 2017) and GVI accuracy of 93.4%, both with Cityscapes. From 

these studies we can interpret that because mIoU tests the accuracy of all results, it has 

more room for error, than would be by simply assessing the amount of greenery in an 

image.  

As an additional advantage, semantic segmentation can limit the effects of seasonal 

variability for images. Because the greenery is captured as objects, these objects do 

not have to be green in the image in order to be classified as greenery (Tong et al., 

2020). Non-green parts of green vegetation such as trunks and branches could 

therefore be classified accordingly (Long & Liu, 2017). This is especially useful for 

areas with deciduous trees. It allows for images from a larger seasonal range to be used 

for estimating experienced greenery. However, seasonal variance of vegetation is still 

generally too big for perfect semantic segmentation. This could be nonetheless 

compensated by more extensive training for the segmentation model (Xia et al., 2021). 

 

2.4.2 LiDAR derived methods  

 

Alongside image segmentation, alternative computational methods are available as 

well, starting from the early approach by Ohno (1991). These could be loosely divided 

into two main categories: approaches that use LiDAR point clouds directly to assess 

greenery and its relative visibility (e.g. Susaki & Komiya, 2014; Susaki & Kubota, 
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2017) and approaches that use LiDAR derived datasets (e.g. Labib et al., 2021; 

Virtanen et al., 2021; S. Yu et al., 2016). 

In the former pathway used by Susaki & Komiya (2014) and Susaki & Kubota (2017), 

the structure of a point cloud was used as the main classifying method of greenery. In 

Susaki & Kubota (2017), the point cloud gained from a ground-based sensor was 

further refined to voxels. With this ground level approach, it possible to better capture 

the lower vertical levels of vegetation. However, the success gained is highly 

conditional on the density of the point cloud, along with being difficult to bring into 

usage (Zhen et al., 2016).  

With an airborne sensor (e.g. Susaki & Komiya, 2014), building walls and multi-story 

roofs can cause classification errors (MacFaden et al., 2012), with added difficulties at 

assessing the lower levels of vegetation (Susaki & Komiya, 2014) There are also 

general hurdles for LiDAR methods, within their ability to capture new and shorter 

vegetation (MacFaden et al., 2012).  

The other way is to use LiDAR derived products alongside a combination of 

alternative data sources, such as derived raster datasets, remote sensing imagery and 

ready-made thematic products. The advantage with raster approaches is their ease-of-

use and adaptability, as well as the background with a full-fledged history supporting 

their usage (Zhen et al., 2016). In Labib et al. (2021), greenery was inferred from a 

ready-made land use and cover dataset and the visibility of greenery was calculated 

with the help of LiDAR derived surface and terrain models. For S. Yu et al. (2016) 

greenery was extracted via NDVI and the visibility calculations were completed with 

the help of a DSM and building models. For Virtanen et al. (2021), the visibility of 

greenery was examined within a browser 3D city model. The model functioned as the 

basis, with elevation, land cover and road and tree datasets providing support. 

LiDAR derivates are not without their faults either. When the three-dimensional nature 

of point clouds is turned to a raster, information is lost. Urban greenery devolves to a 

flat surface, with just a single Z-value to portray its qualities (S. Yu et al., 2016). Using 

remote sensing imagery as support exposes the results to issues emerging from varied 

lighting conditions (MacFaden et al., 2012) and environmental factors such as weather 

and air quality (S. Yu et al., 2016). To begin with, the results are also dependent of the 
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original resolution and the accuracy of the datasets in use (Labib et al., 2021; Virtanen 

et al., 2021).  

The advantage of any LiDAR-based method is the ability to modify the relative height 

of the observer. The heights of building vary greatly and the vertical aspect of urban 

spaces is becoming more diversified (S. Yu et al., 2016). More than often, the greenery 

visible from one’s dwellings varies based on how high at a building one lives. This 

difference in visible greenery is demonstrated in Figure 6. S. Yu et al. (2016) further 

showed that LiDAR derived measures can be used to model human-scale greenery for 

future landscapes, by simulating the effects of new construction projects compared to 

current greenery values. 

 

Figure 6. A demonstration on how an  observers vertical location affects experienced 

greenery (S. Yu et al., 2016). 
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3 DATA AND METHODS 

3.1 Study area 

 

The study area is Helsinki (Figure 7). It is the capital of Finland and serves as the main 

hub of culture, governance, and business. It is also the biggest city in Finland, with a 

population of 653 835 in the city proper and 1 511 337 in the metropolitan area at the 

start of 2020. These represent 12% and 27% of the total population of Finland (Vuori 

et al., 2020). 

Helsinki is also a notably green city, from both an aerial and a human-level 

perspective. Out of a total land area of 214 km2, 111 km2 or 52% is classified as 

vegetation (Helsinki Region Environmental Services HSY, 2021). More towards the 

perspective of people, the median GVI value for Helsinki is 32.2% (Toikka, 2019), 

which is on the higher end of the spectrum when compared against other cities around 

the world (Ratti et al., 2020). 
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Figure 7. The study area. Top image is an satellite image (Google, 2021a) of Helsinki 

highlighted within its metropolitan area. Bottom image shows the Helsinki Green 

View dataset’s (Toikka et al., 2020) GVI values  aggregated by mean to Helsinki’s 

neighborhoods. 
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3.1.1 Study design 
 

Indices tested here in this study are presented in Table 1. Both indices specifically 

designed for human-scale greenery and traditional greenery assessment methods were 

tested. The workflow is graphically represented in Figure 8. All the indices and 

methods tested here produce results on the scale of 0-100, except for NDVI, which 

was moved to the same range via normalization.  Each of the chosen indices was tested 

for correlation with the other indices and human-scale greenery values. Similarly, 

error-assessment between each index and HSG was performed. These human-scale 

greenery values were collected via a field survey and provided the subjective on-site 

HSG values for the study locations. The performance of each index was then evaluated 

by assessing the results of the statistical comparison. At the same time, 

sociodemographic data on the participants was compared to their greenery assessments 

via variance analysis. The coming chapters provide more insight on this process. 
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Table 1 

Indices tested in this study  

Index Full name Description Types tested Source 

GVI  Green View Index The ratio of greenery to the total area of a 

photo. Greenery pixels can be extracted with 

many methods 

Color segmentation, 

semantic 

segmentation 

Yang et al., (2009) 

VGVI Viewshed Greenness 

Visibility Index 

Amount of greenery pixels within a viewshed, 

weighted by distance. 

 Labib et al. (2021) 

GSR Green Space Ratio Ratio of the entire viewshed occluded by 

vegetation. 

 Susaki & Komiya (2014) 

NDVI Normalized Difference 

Vegetation Index 

Infrared and red ratio is used to monitor 

vegetation biomass.  

Average NDVI value 

within 30m, 50m, 

100m and 300m 

buffers 

Tucker (1979) 

LU Land Use Raster based land use or land cover datasets  Vegetation area/total 

area within 30m, 50m, 

100m and 300m 

buffers 

Toikka et al., (2020) 
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Figure 8. Workflow of the study. Relevant chapter or subchapter included in light grey
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3.2 Collecting data 

 

Data used in this study was collected both from online and by field work. Datasets 

used in the study are presented in Table 2. Special attention was given so that the 

datasets would from the summer period if possible, to better capture the same greenery 

as in the field study. 

Table 2 

Datasets, usages and sources 

Name Description  Usage Source 

    
Ground level photos 6 images to each direction 

from all sites. Taken with 

Olympus OM-D E-M1 mark 

I with 14-55mm lens. 

 

GVI Study sites 

Elevation model 2m 

(DEM) 

2m resolution Digital 

Elevation Model. Used as 

DTM Tiles merged and 

interpolated to 5m resolution 

 

VGVI National Land Survey of 

Finland, 2021a 

LiDAR datasets of the 

City of Helsinki 

Used to create a DSM for 

VGVI and as the main 

dataset for GSR.  

 

VGVI, 

GSR 

Helsingin 

kaupunkiympäristön 

toimiala / 

Kaupunkimittauspalvelut, 

2017 

Helsinki metropolitan 

area land cover 2018 

Land cover data for the 

Helsinki region. From this 

dataset, the main class 

(paaluokka) was chosen to 

represent vegetation/ 

greenery 

 

VGVI, 

LU 

Helsinki Region 

Environmental Services 

HSY, 2021 

Near infrared 

orthophotos 

0.5m resolution orthophotos. 

Taken during the summer of 

2020 (National Land Survey 

of Finland, 2021b). Three 

bands, near-IR, red, green. 

 

NDVI National Land Survey of 

Finland, 2021b  

Orthophotographs of 

Helsinki 

Used for greenery extraction 

via HSV. Data from 2017 

used due to being from the 

same year as the LiDAR data 

 

GSR Helsingin 

kaupunkiympäristön 

toimiala / 

Kaupunkimittauspalvelut, 

2017 

Buildings in Helsinki Used to provide extra 

information for the non-

vegetation extraction 

GSR Helsingin 

kaupunkiympäristön 

toimiala / 

Kaupunkimittauspalvelut, 

2018 

The green view 

dataset for the 

Helsinki 

GVI dataset for Helsinki. 

Also includes LU points 

Study 

sites 

Toikka et al., 2020 
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3.2.1 Field survey 

 

The field survey consisted of asking random pedestrians to assess their experienced 

greenery at the study sites. Along greenery values, other demographic questions were 

asked as well. The questions with possible ranges and answers are presented in Table 

3. Simultaneously, pictures for the indices that require them were taken 

 

Table 3 

Field survey questions and answer ranges 

Question Range 

How green do you see the surrounding 

scenery on the scale of 0 to 100? 

0–100 

How often do you visit nature spots? 1 (daily), 2 (a few times per week), 3 

(weekly), 4 (rarely) 

Age group 20 (15–24), 30 (25–34), 40 (35–44), 50 

(45–54), 60 (55–64), 70 (65–74), 80 (75–

84) 

Gender (evaluated by author) f (female), m (man) 

 

The study locations used in this study were decided based on existing and newly 

calculated greenery indices. The goal was to have varied study locations that represent 

multiple types of human-scale greenery across the city. To achieve this, the green view 

dataset for Helsinki (Toikka et al., 2020) was used as a baseline. It includes both point 

and road aggregated green view index (GVI) datasets. The road aggregated dataset, 

which itself is a custom extension of the national road network data (Finnish Transport 

Infrastructure Agency, 2021; Tarnanen, 2017; Tenkanen & Toivonen, 2020) was 

chosen, because it should limit the effects of outlier data. In the road data, each 

segment gets its value from the average of green view points within 30 meters of its 

centroid. 
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To have a more varied representation, Viewshed Greenness Visibility Index (VGVI) 

was calculated and then sampled to the same locations as the green view point dataset. 

These were then aggregated to the road dataset with the same Python script (Willberg, 

2020) as used for GVI. 

Due to the nature of Green View Index, it includes only points that fall within the street 

view coverage. This means that many paths and park areas get left out due to lack of 

data. Luckily, the road aggregated data includes a land use data derived index (LU) 

that is available for all segments. The land use derived index is calculated by assessing 

the amount of vegetation within a 30 meter buffer (Toikka, 2019) 

With the three indices ready, they were used together to pick out locations. Based on 

each index, one segment centroid from every percentile of the indices was randomly 

picked out. GVI values within the dataset have a range of 0-70, but VGVI and LU a 

range of 0-100. This means that 7, 10 and 10 sites were chosen based on GVI, VGVI 

and LU respectively. If the randomly picked segment centroid happened to be on 

private property or otherwise obstructed location, a new random segment was rolled. 

In the end, a total of 27 study locations were chosen. 

While performing the interviews, 9 of the 27 sites initially picked were deemed 

unusable, due to various conditions such as current or recent road construction, 

mosquito and blackfly infestations, dangerous to stop pedestrians or not enough 

participants in a reasonable timespan. The 18 successful sites filled 25 of the 27 

different percentiles of classification. Due to this, two new sites were randomly 

selected to fill the last two missing percentiles. Thus, the number of successful sites 

totaled 20 and included all the 27 percentiles used for the original classification. These 

successful locations are presented in Figure 9. 

The on-site interviews were conducted between 8th and 19th of June 2021. They were 

all performed between the times of 2.30pm and 8.15pm. The weather was sunny or 

partly cloudy and sunny, with the temperature being near or above 20 degrees Celsius. 

In total, 412 participants were interviewed at the study sites. For all the sites, the 

average number of participants was 20.6, with the minimum and maximum being 18 

and 25, respectively. With assumed genders, 216 women and 196 men were 

interviewed. 
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All the participants were asked to voluntarily stop for a short interview (Figure 10). It 

was then explained that the interview is part of a master’s thesis and that the focus is 

on the current spot that they were standing at. They were also told to concentrate on 

natural greenery. Most interviews were conducted in Finnish, but a large handful were 

also done in English. Genders of the participants were assumed during the interviews. 

 

Figure 9. Map of study sites and their index values (id).  
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Figure 10. Conducting interviews. Pedestrians were asked to stop for a short 

interview. Notice beautiful cardboard sign that many participators praised and the 

neighborhood dog’s favorite spot. Notebook for collecting responses.  
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3.3 Processing data 

3.3.1 Surveyed greenery 

 

The greenery value for each site was assigned based on the mean greenery value of all 

the interviews for that particular site. For the sociodemographic comparison, the rows 

with age variable 90 were removed due to a small number of answers. Images from 

the sites with minimum, median and maximum collected human-scale greenery values 

are shown in Figure 11 (for more images, see Appendix 1). 

 

Figure 11. Three sample pictures from the study sites. From top to bottom, these 

represent the sites with minimum, median, and maximum human-scale greenery. The 

pictures are slightly distorted for visualization. Same images were used for GVI 

segmentation. 

 

3.3.2 Green view Index 

 

As described earlier, the Green View Index was calculated by using two methods, 

color, and semantic segmentation. This process is streamlined in Figure 12. For both, 

it was done using the same images that were taken during the field survey process. The 

images were taken towards six directions, starting from the north. The 14-55mm lens 

used with the 14mm focal length and camera sensor size was able to achieve a 

horizontal and vertical field of view of 63.42° and 49.81°, respectively. Therefore, 

each image had a slight horizontal overlap and horizontally skewed aspect ratio, but 
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this was deemed suitable for the study requirements. The shutter speed, f-stop and iso-

number were decided for each image separately, to compensate for various lighting 

conditions. 

A script based on the Treepedia Python library (mittrees, 2018) was used to process 

the images taken from the study sites for color segmentation. The original library is 

written with old Python 2.7, which has been deprecated in favor of a newer version 

since 2020 (Benjamin, 2021). Python 2.7 is still usable, but some of the packages for 

it are not functional anymore. Thus, the currently supported Python 3 is more 

preferable. Luckily, there was forked Python 3 version of the Treepedia library 

available (Chan, 2020) that was created for a green view study (Kumakoshi et al., 

2020). This Python 3 repository was then used as the base library for color 

segmentation. 

In the library, function VegetationClassification classifies the amount of green 

vegetation in each image. It applies a mean-shift algorithm using the pymeanshift 

Python library (Frédéric Jean, 2020) and normalizes the original RGB values to the 

range of 0-1 (Comaniciu & Meer, 2002; Li, Zhang, Li, Kuzovkina, et al., 2015). The 

function then uses differences between bands to calculate an Excess Green index 

(ExG) which is able to diminish the effects of brightness changes in images (Sonnentag 

et al., 2012). This is a direct answer to the problems of RGB segmentation presented 

earlier by Pietikäinen et al. (1996). The segmentation process was then completed by 

adopting Otsu’s method for identifying optimal thresholds between classes (Otsu, 

1979), in this case between the green vegetation and other types of pixels. The script 

finally delivers a percentage value for amount of greenery in an image 

As for the other GVI pathway, Bilateral Segmentation Network (BiSeNetV2) was 

chosen to act as the semantic segmentation method for this study. Presented by Yu et 

al. (2020), it has a two-way configuration, meaning that it handles the spatial 

characteristics and categorization of images individually. It also boasts an impressive 

frame rate, providing the opportunity to also analyze video alongside images.   Another 

advantage that BiSeNetV2 has is that it is already tested with Cityscapes Dataset in 

the original paper. The Cityscapes Dataset is a large annotated training dataset, meant 

especially for training semantic segmentation algorithms for urban views (Cordts et 
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al., 2016). Due to this, it is particularly suitable for trying to understand the urban 

scenes modelled in this study. 

A recent working implementation of the BiSeNetV2 method was found from GitHub 

(MaybeShewill-CV, 2021). It is built on TensorFlow, a popular open source machine 

learning library (Abadi et al., 2015). The GitHub repository used also has the 

advantage of having a pre-trained Cityscapes model available, which was also used for 

this study. The pretrained model has a mIoU of 72.39%, near the 73.36 % presented 

in the paper. This is an on par value compared to other methods in the recent years 

(Papers With Code, 2021) and was deemed suitable for the aims of this study. 

Because the model was trained by using Cityscapes, it has the classes used by the 

dataset as well. From these, classes vegetation and terrain were chosen to represent 

green vegetation, similarly to Kido et al. (2021). Finally, the amount of greenery for 

each individual image was calculated by dividing the amount of vegetation and terrain 

pixels from the total number of pixels 

With each image classified by color and semantic segmentation, the GVI value could 

be calculated for both methods based on the average greenery values of the six images. 

Example segmentation results are shown in Figure 13 (for more examples, see 

Appendix 1). 
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Figure 12. Workflow for creating the two GVI indices. 
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Figure 13. Example site pictures and segmented images. White marks areas classified 

as greenery, black indicates non-greenery. 

 

3.3.3 Viewshed Greenness Visibility Index 

 

Viewshed Greenness Visibility Index (VGVI) is a viewshed based green exposure 

index. Presented by Labib, Huck and Lindley (2021), it uses high spatial resolution 

digital elevation models and land cover data to model human-scale greenery on a city-

wide scale. The index includes a distance-decay model to evaluate the viewshed area 

more realistically: The influence of each green cell within the viewshed area is decided 

by its distance to the viewer. 

VGVI is a further development from a Greenness Visibility Index that Labib, Huck 

and Lindley (2020) published earlier. The earlier version didn’t yet include the 

distance-decay model for cell values and the radius for viewshed was limited to 100m. 

Due to the more simplistic nature of the first version, it’s computative needs are also 

reduced compared to the later VGVI. However, even with less complex methods the 

first version managed to achieve a very strong and significant correlation (𝑟 =

0.943, 𝑝 = 0.01) with a street view based greenery index on 20 randomly picked sites 

(Labib et al., 2020). 

The process for calculating VGVI values to the study sites is shown in Figure 14. To 

perform VGVI with the authors’ GitHub repository (Jonnyhuck, 2020), three main 

datasets are needed: Digital terrain (DTM), Digital Surface Model (DSM) and a binary 
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greenery surface. DTM was the easiest to obtain, being readily available from the 

National Land Survey of Finland (2021a). The downloaded tiles were simply merged 

and rescaled to 5m resolution as required by the script. Unlike, a readymade DSM was 

not found for Helsinki, so a new one was created from scratch, based on LiDAR data 

from the City of Helsinki (Helsingin kaupunkiympäristön toimiala / 

Kaupunkimittauspalvelut, 2017). The LiDAR data was turned to a DSM with the 

las2dem tool (rapidlasso GmbH, 2021) and the tiles and resolution were rescaled and 

merged as previously. The binary greenery surface was created from a land cover 

dataset of 2018 maintained by the Helsinki Region Environmental services (2021). 

From that dataset, the main class (pääluokka) 2 was chosen as vegetation, and a binary 

greenery raster was created.  

Similarly to the original authors, 800 meters was decided on as the maximum view 

radius and the script was in working order. Its end products are rasters with VGVI 

values, and these were finally sampled to the study location points and collected. 
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Figure 14. Workflow for creating VGVI values for the study sites. 
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3.3.4 Green Space Ratio 

 

Green Space Ratio (GSR) is an index for estimating the amount of green vegetation 

visible from a certain location with point clouds and airborne imagery. It was brought 

up by Susaki and Komiya (2014), for the needs of urban landscape assessment due to 

the regulations of Japan demanding a certain amount of vegetation to be visible for 

new urban projects. It is a further development from an enclosure index (Susaki, 

Komiya & Takahashi, 2014), which assessed  the ratio of the view area occupied by 

non-sky objects. The method for calculating visible and non-visible cells remains the 

same with both indices, but GSR has the added vegetation aspect to it. 

Similarly to the enclosure index, GSR is defined by the authors as: “the ratio of the 

area occluded by vegetation to the entire visible area”. The functionality of GSR is 

shown in Figure 15. It calculated by varying the azimuth angle 𝜑 in ∆𝜑 intervals on 

the range of 0° − 360°. For each 𝜑, the elevation angle 𝜃 is moved on the range of 

0° − 180° to capture the 𝜃𝑚𝑎𝑥 −  𝜃𝑚𝑖𝑛 sums of vegetation areas within the maximum 

range of 𝐷𝑚𝑎𝑥. The elevation angle 𝜃 is calculated from a person’s height of ℎ. 

Vegetation areas are decided on the structure of the point cloud and image band values. 

For each point of observation, it is possible to calculate vegetation occlusion map 

Figure 16. More vegetation occlusion maps generated for the study sites are available 

in Appendix 2. 
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Figure 15. The functionality of GSR. In a), there is no occlusion between the 

vegetation and the observer. Thus, 𝜃𝑚𝑎𝑥 −  𝜃𝑚𝑖𝑛  cover the whole vegetation. The 

lower image shows the azimuth angle 𝜑 from the top. In b), there is an object in front 

of the greenery. In that case, 𝜃𝑚𝑖𝑛 starts from the top of that object. (Susaki & Komiya, 

2014). 
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Figure 16. Vegetation occlusion map. Green marks 𝜃𝑚𝑎𝑥 −  𝜃𝑚𝑖𝑛 areas classified as 

greenery 

 

 The version of GSR used in this study attempts to mimic the main principles set up 

by the original authors. However, to have a working system, some changes and 

compromises were needed. The path to the current method is exhibited in Figure 17.  

To start the process, point clouds were downloaded from the filesharing system of  

City of Helsinki (Helsingin kaupunkiympäristön toimiala / Kaupunkimittauspalvelut, 

2017). Downloaded .laz files were unpacked to .txt with X, Y and Z values for points. 

The city of Helsinki distributes its point clouds as 500m * 500m grids. Laser scanning 

was done during 2017 and the average point density is 20p/m2. (Helsingin 

kaupunkimittausosasto, 2017).  

Susaki and Komiya (2014) used a 1m horizontal threshold for segmenting the point 

cloud. Similarly, a grid with 1m cell size was created and the points were spatially 

joined to it.  

For GSR, the way for extracting green vegetation from built-up objects is achieved by 

the structure of the point cloud. A plane normal for the points of each cell and a Root 

Mean Square Error (RMSE) from that normal to the points was calculated for all the 

cells. Susaki and Komiya (2014) did not mention their method for calculating the 

normal planes. When developing GSR further for mobile laser scanning use, Susaki 

and Kubota (2017) used PCA to find the normal vector and this was also adapted to 
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the methodology used here.  Then, the RMSE value is used to distinguish buildings 

from other objects. RMSE calculates the square root of the mean squared error of the 

points compared to the plain. The equation used for RMSE as follows: 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑖−𝐴𝑐𝑡𝑢𝑎𝑙𝑖)2𝑛

𝑖=1

𝑛
 

where 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑖−𝐴𝑐𝑡𝑢𝑎𝑙𝑖 is the distance between a point 𝑖 and a normal plane and 

𝑛 is the total number of LiDAR points within that segment. 

Susaki and Komiya (2014) used a threshold of 1m for their RMSE, but this value is 

dependent on the nature of the point cloud. For this study, RMSE of 0.1m was used 

for thresholding. 

Alongside the point cloud structure, GSR uses airborne imagery for classifying 

segments. RGB bands of the images are converted to Hue-Saturation-Value, which 

according to Susaki and Komiya is less dependent on the brightness of vegetation. 

They used the thresholds: H ≤ 180 or H ≥ 300, S ≥ 32 and V ≤ 144, which were adapted 

to the version of GSR used here as well. The aerial images used were taken during the 

summer of 2017, similarly to the point cloud (Helsingin kaupunkiympäristön toimiala 

/ Kaupunkimittauspalvelut, 2020) 

With RMSE and HSV thresholds, green and non-green cells were calculated. 

Additionally, building polygons with 3m buffers were used for additional support to 

determine non-greenery cells. In the end, the result was a grid with both binary 

greenery values and average Z values of the points withing each cell. 

To calculate the occlusion by vegetation, 360 lines for each angle of view were created 

to represent ∆𝜑 = 1°. The length of each line was based on 𝐷𝑚𝑎𝑥 = 100 and the 

starting observer points ℎ was 1.5, similarly to the original paper. Each line was then 

joined with the grid, to extract intersecting cells. These cells were then ordered based 

on their direction compared to X and Y axes using derivates. When the direction of a 

line was |dX| ≤ |dY|, the mean value of cells with the same Y value were averaged. The 

same operation was done for cells with same X values when |dX| > |dY|. 

To extract the various 𝜃min and 𝜃max ranges for each line, a triangle between the 

observer point’s Z, ℎ and the Z value of each ordered cell on the line was created.  
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Then with the law of cosine, angle from h to the Z of the grid was calculated to 

represent the view to a certain cell within this 𝜑. If the cell was classified as green and 

𝜃min was higher than the previous max 𝜃 on the line, the 𝜃max - 𝜃min were extracted and 

the then multiplied together. In the end, the GSRp value of each study site p was 

calculated by: 

𝐺𝑆𝑅𝑝 =  

∑ (𝜃𝑚𝑎𝑥 −  𝜃𝑚𝑖𝑛)𝑣𝑒𝑔𝑛
𝑖=1

360𝜑

1.8
 

where 𝑝 is a point, 𝑛 is the number of cells with vegetation and 𝑣𝑒𝑔 is each vegetation 

cell. Code for the approach used is available in Appendix 4. 
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Figure 17. The workflow for GSR calculation.
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3.3.5 Normalized Difference Vegetation Index 

 

Normalized Difference Vegetation Index (Tucker, 1979) for each study site was done 

by calculating the average NDVI value within buffers. These buffers had the radiuses 

of 30, 50, 100 and 300 meters. 0.5m resolution color-infrared orthophotos were 

obtained from the National land survey of Finland (2021c). The orthophotos were 

taken during the summer of 2020. NDVI was calculated with the equation below: 

 

𝑁𝐷𝑉𝐼 =  
𝑁𝐼𝑅 − 𝑅𝑒𝑑

NIR + Red
 

 

The NDVI raster data was afterwards normalized to 0-100 scale for better 

comparability by: 

𝑍𝑖 =  
𝑥𝑖 − min (𝑥)

max (𝑥) − min (𝑥)
∗ 100 

Where 𝑍𝑖 is the normalized NDVI cell, 𝑥 all the NDVI values within the data and 𝑥𝑖 

the original NDVI cell. 

After NDVI values within buffers were calculated, they were compared to surveyed 

greenery values from the sites. The 50-meter buffer was found to have the highest 

correlation coefficient with surveyed greenery values and thus, chosen to represent 

NDVI. The whole process for is shown in Figure 18. 
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Figure 18. Calculation of NDVI values for the study sites.
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3.3.6 Land use 

 

Land use value for each study site was calculated by dividing the number of pixels 

classified as vegetation from the total amount of pixels within buffers. This approach 

has been used to co-create the green view dataset for Helsinki (Toikka et al., 2020), 

and its usage in this study is displayed in Figure 19. The binary vegetation and non-

vegetation data was created from a land cover data available from the Helsinki Region 

Environmental Services  (2021). From that land cover dataset, polygons belonging to 

the main class 2 (pääluokka) were assigned as vegetation and other polygons were 

assigned as non-vegetation. The buffers had the same radiuses as the ones used for 

NDVI, 30, 50, 100 and 300 meters. 

The buffer values were then tested for correlation with surveyed greenery values, 

similarly to NDVI. Likewise, the 50-meter buffer was found to have the highest 

correlation and as such, picked to illustrate land use. 
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Figure 19. Workflow for calculating LU for the sites 
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3.4 Analyzing data 

3.4.1 Greenery comparison 
 

The comparison of modelled indice values and surveyed greenery results was done 

using three main methods: correlation analysis with Pearson 𝑟, mean absolute error 

(MAE) and root mean square error (RMSE).  

Correlation has been used previously to compare modelled values by different human-

scale greenery indices (e.g. Falfán et al., 2018; Helbich et al., 2019; Larkin & Hystad, 

2019; Tong et al., 2020) and is also in general a common method for matching 

modelled results to surveyed results (Kobayashi & Salam, 2000). Following the 

conventional example of Schober et al. (2018), 𝑟 ≥ 0.9 indicates a very strong 

relationship and 𝑟 = 0.7 − 0.89 a strong relationship. Also, a correlation matrix was 

created between each of the indices and collected values. 

Mean absolute error, as can explicitly be derived from the name, is the mean absolute 

error between two variables, in this case a modelled variable and a surveyed variable. 

Willmott and Matsuura (2005) describe it as the most natural measure for mean error. 

It gives the same weight to all deviations and gives a straight estimation of the degree 

of errors created by a model (Chai & Draxler, 2014; Willmott & Matsuura, 2005). It’s 

also good for judging uniformly distributed errors (Chai & Draxler, 2014). The 

equation for MAE goes as follows (Willmott & Matsuura, 2005): 

𝑀𝐴𝐸 =  𝑛 ∑|𝑒𝑖|

𝑛

𝑖=1

  

where 𝑒𝑖 is the error (variance) between the model derived variable and estimated 

variable.  

Again, as derived from the name, root mean square error calculates the square root of 

the average squared error. It has the property of prioritizing outlier errors over smaller 

values due to its squared aspect and is usually a better option when errors have a 

gaussian distribution (Chai & Draxler, 2014). Thus, it should better show the 

divergence of the errors, by highlighting bigger absolute errors when compared to 

MAE. The equation for RMSE was presented earlier with Green Space Ratio. 
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Both of these error assessment methods were used by Xia et al. (2021) to analyze the 

efficiency of image segmentation methods and should thus be usable for error 

assessment in this study as well. 

The advantage of MAE and RMSE, in contrast to correlation, is that they try to assess 

the differences between index values and surveyed results, instead of trying to fit 

modelled values to the surveyed results (Kobayashi & Salam, 2000). Both of these are 

dimensioned, meaning that they provide results in the same units that are in usage by 

the variable in question (Willmott & Matsuura, 2005). More information can also be 

gained from their relative difference, as RMSE is more sensitive to the magnitude of 

error and is always larger than MAE. Thus, their differences can be evaluated to see if 

there are major deviations present in the results.  

 

3.4.2 Sociodemographic comparison 
 

Kruskal-Wallis one-way analysis of variance (Kruskal & Wallis, 1952) was used to 

analyze the means of the sociodemographic groups. The variance between groups was 

tested with Levene’s test (Levene, 1960) and the variance for variable nature was 

significant. Similarly, the groups were tested for normality with visual inspection of 

histograms and Shapiro-Wilk test of normality (Shapiro & Wilk, 1965), which proved 

to be significant as well. Thus, normal ANOVA was not possible, but Kruskal-Wallis 

does not require the assumptions of normality of distribution and homogeneity of 

variance and was therefore chosen as the method of variance analysis. 

95% confidence level would be used to evaluate for significant differences. If these 

were to be found, it would signify that the null hypothesis that there are no differences 

between groups could be rejected. Variables can be then inspected more closely with 

Games-Howell test (Games & Howell, 1976). Games-Howell post-hoc is non-

parametric analysis method that similarly to Kruskal-Wallis, does not require the 

assumption of homogeneity of variance. It can be therefore used to more closely 

inspect the differences between the various sociodemographic groups. 
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In an attempt to minimize the effects of demographic biases for the study sites, a 

secondary round of Kruskal-Wallis analyses and subsequent post-hoc tests were 

performed on normalized to mean data. This normalization was performed with: 

𝑔𝑛 =   𝑔𝑖 −  𝑥  

Where 𝑔𝑛 is the normalized greenery value, 𝑔𝑖 the original greenery value and 𝑥 the 

mean of greenery values for the study site that 𝑔𝑖 is from. 
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4 RESULTS 

4.1 Surveyed greenery 

 

Mean surveyed greenery value for all the sites combined was above sixty (�̅� =  60.91), 

with a standard deviation of 19.69 between them. Minimum and maximum mean 

values for all the sites were 16.15 and 85.6, respectively.  

Descriptive statistics for all the individual sites are presented in Table 4. Out of the 

twenty interview locations, five of them showed an average greenery value of below 

fifty. However, the range of values is relatively wide, with most of the sites including 

values both above and below the halfway mark. Four sites had minimum individual 

surveyed values of over fifty, and these were part of the five highest mean values. 

None of the sites included maximum values below fifty. Depicting the heterogeneity 

of values for the sites, standard deviations also varied, ranging from 8.44 to 21.47. 

 

Table 4. 

Descriptive statistics for the human-scale greenery of individual sites 

id Count Mean Median St.dev Min Max Range 

1 20 58.65 62.5 18.75 20 90 70 

2 18 71.44 70.0 11.42 45 90 45 

3 21 79.86 80.0 12.18 40 92 52 

4 20 43.90 40.0 21.47 9 100 91 

5 20 59.30 62.5 18.13 25 85 60 

6 21 63.67 67.0 18.46 30 100 70 

7 20 16.15 10.5 13.64 3 60 57 

8 19 80.26 85.0 13.13 50 100 50 

10 22 37.36 36.5 11.87 4 55 51 

11 19 55.79 60.0 16.97 30 80 50 

12 21 64.57 70.0 14.70 33 90 57 

13 20 67.80 70.0 14.82 40 90 50 

14 21 68.57 70.0 15.34 30 90 60 

15 21 60.33 60.0 15.16 30 85 55 

20 20 79.60 82.5 9.76 60 90 30 

21 20 85.60 85.0 8.44 70 100 30 

22 23 85.35 90.0 10.74 70 100 30 

23 21 41.67 40.0 18.12 5 80 75 

24 25 74.80 75.0 10.05 40 90 50 

27 20 23.55 20.0 13.80 6 50 44 
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Spatially, the surveyed greenery results are distributed broadly across the city (Figure 

20). The greenest study sites appear in the central, northern and eastern parts of the 

area. Most of the sites appear to have one or two dominant bins in the histograms, but 

more evenly distributed frequencies are present as well. Mostly the bins are grouped 

near the dominant one, but also more bimodal distributions can be seen.  
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4.2 Modelled greenery 

 

When looking at the descriptive statistics of values for all the sites combined, the 

various methods for extracting greenery show great differences (Table 5). With all 

sites included, NDVI has the highest (56.04) and color based GVI the lowest mean 

value (38.07). However, when looking at median values, VGVI is the highest (61.97) 

Figure 20. Distribution of the surveyed results for Helsinki. Each histogram is 

connected to its particular site by one of the corners. The bins of the histograms are 

evenly distributed with the interval of ten. Kernel density estimation is shown as a 

gray line 
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and GSR the lowest (38.51). All of the modelled values for all the sites are available 

in Appendix 3. 

Most of the modelled values are not normally distributed and show tendency towards 

mainly negative skewness, seen especially with VGVI and NDVI. Notable exceptions 

include GVI color and LU, with both having a positive skewness, and GSR with a 

nearly normal distribution. The distribution of NDVI values is also notably different 

from the other methods, with a much lower standard deviation. Similarly, it has a 

smaller range and thus, high minimum and low maximum values compared to the other 

methods. 

 

Table 5  

Descriptive statistics for greenery from different methods. HSG for comparison.  

Index Mean Median Skew. St.dev. Min Max Range 

Human-scale greenery 60.91 64.12 -0.86 19.69 16.15 85.60 69.45 

GVI (color) 38.07 38.63 0.14 23.23 0.67 76.61 75.94 

GVI (semantic) 51.40 51.03 -0.25 26.20 2.50 90.74 88.25 

VGVI 55.51 61.97 -0.45 29.12 1.16 93.97 92.81 

GSR 43.88 38.51 -0.01 21.96 4.20 76.92 72.71 

NDVI  56.04 56.45 -0.38 10.17 33.61 70.41 36.80 

LU  43.77 40.85 0.21 28.41 0.00 92.20 92.20 

 

The modelled greenery values for all the study sites are presented in Figure 21. 

Spatially, the highest modelled greenery values for the sites appear in the central, north 

and eastern parts of the area. Also, as indicated earlier by the skewness, VGVI often 

has higher values than the other methods, as shown by having the highest modelled 

value at nine out of the twenty sites. Similarly skewed NDVI has the highest value for 
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seven sites. Inversely, positively skewed color based GVI values are the lowest at nine 

sites and LU values at five. 

 

4.3 Greenery comparison 

 

The relationship between modelled greenery values and surveyed values is presented 

in Figure 22. The overall pattern appears to be strong or very strong positive linear 

relationship between the modelled values and the surveyed results. All the correlations 

Figure 21. Modelled greenery values for the study sites. Human-scale 

greenery highlighted for comparison. Bar color gradient weighted on the 

values. 
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are statistically significant, with 𝑝 values smaller than 0.05. Notably, all index values 

differ similarly from the human-scale greenery values for the smallest data points. 

When observing individual relationships, there are some evident differences. The 𝑟 

values range from 0.863 of GSR to 0.93 of NDVI. As previously uncovered, the 

distribution of NDVI is different from the other indices. It is more focused towards the 

center of the range and thus shows a steeper slope, also indicated by the trend line 

equation’s slope (1.80) and intercept (−40.03). In comparison, the other indices 

increase more gradually when compared to surveyed greenery. Out of the two GVI 

methods, semantic segmentation has a stronger relationship with HSG values. For 

LiDAR based methods VGVI and GSR, their 𝑟 is relatively similar, with a slightly 

stronger relationship for VGVI. 
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Figure 22. Comparison scatterplot of greenery indices and methods to surveyed 

human-scale greenery values. HSG on Y axis, greenery method on X axis. Green line 

indicates the regression line. Regression coefficient, p value and regression equation 

can be seen within the plots. 



 

65 

 

For the most part, the relationships between different greenery modelling methods are 

strong or very strong, as the values of the methods were also compared to each other 

(Figure 23). The highest correlation appears between the two indices that use circular 

buffers, NDVI and LU (𝑟 = 0.97). Similarly, the two image-based GVI approaches 

have a very strong relationship (𝑟 = 0.96). Some very strong relationships also appear 

between NDVI and GSR (𝑟 = 0.94), GSR and LU (𝑟 = 0.92) and for NDVI and 

semantic GVI (𝑟 = 0.9) 

Some more moderate, but still strong relationships exist between color based GVI and 

both VGVI and GSR (𝑟 = 0.78). Somewhat contradicting the very strong 

relationships shown between the other two method pairs, relationship between LiDAR 

dependent indices GSR and VGVI is less potent (𝑟 = 0.81). However, it is still strong. 

 

Figure 23. Correlation matrix between the modelled greeneries and human-scale 

greenery. Relationships to HSG highlighted with black. Lighter colors indicate 

stronger relationships and vice versa. 

 

Distributions of values also show some differences (Figure 24). The unique 

distribution and range of NDVI values is more broadly visible when inspected by 

quartiles. It is also clear that both the mean and median values for human-scale 

greenery are higher than of the indices. Similarly, as forecasted by the skewness 

measure earlier, color based GVI, GSR and LU are centered at the lower end of 

greenery. Semantic segmentation GVI appears to be more uniformly distributed with 
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both mean and median values near 50. VGVI and NDVI are situated mainly on the 

higher end of values. 

 

Figure 24. Graphical depiction of greenery distributions from various methods. Data 

displayed in quartiles. Centerline indicates the median value. Average value indicated 

by a white triangle. Small white circles show individual values and outliers. HSG for 

reference. 

 

The other two main ways for comparing the indices and methods to human-scale 

greenery were Mean Absolute Error (MAE) and Root Mean Square Error (RMSE). 

The gained error assessment is presented in Figure 25. NDVI has the smallest deviation 

from human-scale greenery values, based on both MAE and RMSE. On the other side, 

color based GVI has the highest error values according to both error measurements. 
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There are differences for the error deviations of semantic and color based GVI 

(∆𝑀𝐴𝐸 = 10.87, ∆RMSE =  10.87). MAE of semantic GVI and VGVI are nearly 

similar (12.15, 12.29), but there is a difference between their RMSE scores 

(14.17, 15.83). Thus, it seems likely that that there are some more significant errors 

present for VGVI when compared to semantic GVI. 

For some of the methods, especially VGVI, the relative difference between MAE and 

RMSE is noticeable. This also affects GSR, semantic GVI and LU. This suggests that 

there are some corresponding larger deviations from human-scale greenery that affect 

their error scores. For color GVI and NDVI, the smaller difference between MAE and 

RMSE indicates that their errors are more equally divided in magnitude.  

 

Figure 25. Error deviation comparison between modelled greenery values and 

surveyed HSG values. The MAE scores are always lower than RMSE, due to how they 

are calculated. 

 

4.4 Sociodemographic comparison 

4.4.1 Non-normalized human-scale greenery 
 

While collecting human-scale greenery values via the interviews, participants were 

also asked a few sociodemographic questions to further enlighten the results. The main 

shape of these results is presented in Table 6. The descriptions for each group of 

answers were presented earlier (see: Table 3). For the most part, the N of each group 

of the variables was deemed suitable, but for variable age’s group 90 was removed 
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from further analysis due to a low number of individuals. Distributions and 95% 

confidence intervals for the groups are presented in Figure 26. 
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Table 6 
 

        

 
Descriptive statistics for field survey results, by groups 

 

      
Green 

   
Variable Group N % Mean Median Mode St.dev Min Max 

green 
 

412 100 61.09 70 70 23.93 3 100 

nature 
         

 
1 157 38.11 64.75 70 70 22.48 5 100 

 
2 140 33.98 63.02 70 80 22.54 4 100 

 
3 76 18.45 56.20 60 70 23.48 6 90 

 
4 39 9.47 48.97 50 15 29.29 3 100 

age 
         

 
20 66 16.02 62.06 70 70 21.52 10 100 

 
30 107 25.97 52.73 60 40 25.76 3 95 

 
40 83 20.15 62.15 70 80 22.18 10 92 

 
50 50 12.14 63.54 70 90 24.04 5 100 

 
60 64 15.53 66.00 70 70 23.08 5 100 

 
70 30 7.28 66.40 70 90 20.88 4 100 

 
80 10 2.43 77.00 82.5 85 21.24 30 100 

 
90 2 0.49 55.00 55 55 5.00 50 60 

gender 
         

 
m 196 47.57 60.62 69 80 23.88 3 100 

 
f 216 52.43 61.52 70 70 23.97 4 100 
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Figure 26. Distributions of greenery within the sociodemographic groups, by quartiles. Notches indicate 95% confidence intervals. 

Median marked by a middle line. Mean marked with a white triangle. Outliers visible as small squares. 
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Observing the individual variables, there appears to be some variance in the amount 

of greenery experienced between groups. The mean and median values for variable 

nature significantly decrease from group 1 that visits nature most often (64.75) towards 

the least nature visiting group 4 (48.97). Standard deviation for group 4 is also much 

larger (29.29) than the other three.  

For variable age, the mean values are notably different for the groups 30 (52.73) and 

80 (77). However, group 80 has a small number of participants (10). For gender, there 

are only minor differences in the mean values (60.62, 61.52). 

The results for the Kruskal-Wallis One-Way ANOVA are presented in Table 7. 

Variables age and gender were significant at level 0.05, marking that there are 

statically significant differences between the mean values of the groups. Thus, the null 

hypothesis could be rejected. For variable gender, these differences were not 

statistically significant. 

 

Table 7 

Kruskal-Wallis comparison of sociodemographic variables 

Variable df H p 

age 7 20.24 0.003* 

nature 3 13.96 0.003* 

gender 1 0.02 0.879 

* The variance of groups is significant at the 0.05 level 

 

Variables for which statistically significant differences between means were found 

were inspected with Games-Howell post-hoc (Table 8). For variable age, differences 

were detected between groups 30 and 60. Group 30 is also disparate from the other 

groups and has multiple near significant p-values. As for nature, these were found 

between groups 1 and 3, 1 and 4 also between groups 2 and 4.  
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Table 8 

Games-Howell post-hoc 

Variable A B mean(A) mean(B) diff se T df p hedges 

age           

 
20 30 62.06 52.73 9.33 3.66 2.55 155.67 0.149 0.40 

 
20 40 62.06 62.15 −0.08 3.62 −0.02 141.19 0.900 −0.00 

 
20 50 62.06 63.54 −1.48 4.35 −0.30 98.88 0.900 −0.06 

 
20 60 62.06 66.00 −3.94 3.95 −1.00 126.71 0.900 −0.17 

 
20 70 62.06 66.40 −4.34 4.71 −0.92 57.27 0.900 −0.20 

 
20 80 62.06 77.00 −14.94 7.57 −1.98 11.71 0.476 −0.66 

 
30 40 52.73 62.15 −9.42 3.50 −2.69 185.85 0.107 −0.39 

 
30 50 52.73 63.54 −10.81 4.25 −2.54 101.57 0.155 −0.43 

 
30 60 52.73 66.00 −13.27 3.84 −3.50 143.91 0.012* −0.54 

 
30 70 52.73 66.40 −13.67 4.62 −2.96 55.53 0.064 −0.61 

 
30 80 52.73 77.00 −24.27 7.51 −3.23 11.37 0.081 −1.06 

 
40 50 62.15 63.54 −1.40 4.22 −0.33 96.60 0.900 −0.06 

 
40 60 62.15 66.00 −3.86 3.80 −1.01 132.77 0.900 −0.17 

 
40 70 62.15 66.40 −4.26 4.59 −0.93 53.74 0.900 −0.20 

 
40 80 62.15 77.00 −14.86 7.49 −1.98 11.27 0.473 −0.66 

 
50 60 63.54 66.00 −2.46 4.50 −0.55 103.19 0.900 −0.10 

 
50 70 63.54 66.40 −2.86 5.20 −0.55 67.70 0.900 −0.13 

 
50 80 63.54 77.00 −13.46 7.87 −1.71 13.60 0.609 −0.59 

 
60 70 66.00 66.4 −0.40 4.85 −0.08 61.80 0.900 −0.02 

 
60 80 66.00 77.00 −11.00 7.65 −1.44 12.24 0.751 −0.48 

 
70 80 66.40 77.00 −10.60 8.07 −1.31 14.80 0.817 −0.47 

nature           

 
1 2 64.75 63.12 1.63 2.63 0.619 289.28 0.900 0.07 

 
1 3 64.75 56.15 8.599 3.28 2.618 139.01 0.048* 0.37 

 
1 4 64.75 48.97 15.771 5.08 3.104 49.44 0.016* 0.55 

 
2 3 63.12 56.15 6.968 3.35 2.078 145.57 0.165 0.30 

 
2 4 63.12 48.97 14.141 5.13 2.759 51.09 0.039* 0.50 

  3 4 56.15 48.97 7.172 5.49 1.307 63.98 0.555 0.26 

* The variance of groups is significant at the 0.05 level  
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4.4.2 Normalized to site mean human-scale greenery 
 

The human-scale greenery data was also normalized to its respective site’s mean value. 

The distributions of groups and mean values are presented in Figure 27. With 

normalized greenery data, group 4 of variable nature is distributed more alike with the 

other groups. For variable age, the distribution appears similarly upward by age group 

as with non-normalized data. Also, the distribution of group 30 is less broad than with 

normalized data, but it stays as the group with the lowest mean value. Again, similarly 

to the non-normalized data, no major differences between gender groups can be 

observed. 
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Figure 27. Distributions of normalized to means greenery for sociodemographic groups, by quartiles. Notches indicate 95% confidence 

intervals. Median marked by a middle line. Mean marked with a white triangle. Outliers visible as small squares. 
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A second cycle of Kruskal-Wallis analyses was performed on the normalized greenery 

data (Table 9). With this approach, significant differences between groups were found 

in variable age, but not nature or gender. Therefore, the null hypothesis of no 

differences between group means can be disregarded only for variable age. 

 

Table 9 

Kruskal-Wallis comparison of normalized to mean 

sociodemographic variables 

Variable df H p 

age 7 24.648 0.000* 

nature 3 4.011 0.26 

gender 1 0.023 0.879 

* The variance of groups is significant at the 0.05 level 

 

These differences for variable age were again inspected by Games-Howell post-hoc 

(Table 10). With the normalized data, statistically significant differences in group 

means appear between groups 20 and 80, 30 and 70, 30 and 80, 40 and 80, 50 and 80. 

Compared to the non-normalized data, there are no similarities with the group pairs 

that are significant. However, as seen previously, group 80 has a very low number of 

participants (10). Group 70 has also less participants than most of the groups (30). 

Group 30’s mean value is again lower than for the other groups, but the differences 

are only significant against groups 70 and 80. With the low number of participants for 

some groups, these results should be considered with caution. 
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Table 10 

Games-Howell post-hoc with data normalized to mean 

Variable A B mean(A) mean(B) diff se T df p hedges 

age           

 20 30 −0.08 −3.65 3.57 1.99 1.8 155.67 0.54 0.28 

 20 40 −0.08 −1.85 1.77 2.21 0.8 146.94 0.9 0.13 

 20 50 −0.08 0.62 −0.7 2.22 −0.32 104.99 0.9 −0.06 

 20 60 −0.08 2.72 −2.8 2.41 −1.16 117.88 0.9 −0.2 

 20 70 −0.08 6.62 −6.7 3.35 −2 42.88 0.43 −0.44 

 20 80 −0.08 11.56 −11.64 2.93 −3.97 15.54 0.02 −1.33 

 30 40 −3.65 −1.85 −1.8 2.15 −0.84 169.63 0.9 −0.12 

 30 50 −3.65 0.62 −4.27 2.17 −1.97 111.57 0.44 −0.34 

 30 60 −3.65 2.72 −6.37 2.36 −2.7 123.09 0.11 −0.43 

 30 70 −3.65 6.62 −10.27 3.31 −3.1 41.45 0.05 −0.64 

 30 80 −3.65 11.56 −15.21 2.89 −5.27 14.74 0 −1.73 

 40 50 −1.85 0.62 −2.47 2.37 −1.04 121.78 0.9 −0.19 

 40 60 −1.85 2.72 −4.57 2.55 −1.8 134.41 0.55 −0.3 

 40 70 −1.85 6.62 −8.47 3.45 −2.46 47.66 0.2 −0.52 

 40 80 −1.85 11.56 −13.41 3.04 −4.41 17.93 0.01 −1.46 

 50 60 0.62 2.72 −2.1 2.56 −0.82 111.99 0.9 −0.15 

 50 70 0.62 6.62 −6 3.46 −1.73 47.17 0.59 −0.4 

 50 80 0.62 11.56 −10.94 3.06 −3.58 17.97 0.03 −1.22 

 60 70 2.72 6.62 −3.9 3.58 −1.09 53.35 0.9 −0.24 

 60 80 2.72 11.56 −8.84 3.2 −2.77 21.25 0.13 −0.93 

 70 80 6.62 11.56 −4.95 3.95 −1.25 32.28 0.86 −0.45 

* The variance of groups is significant at the 0.05 level   
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5 DISCUSSION 

 

5.1 Human-scale greenery indices provide functional and adjustable 

ways for assessing experienced greenery 

 

All the methods for capturing human-scale greenery tested in this study managed to 

produce values that have a meaningful relationship with HSG ratios. Their 

relationships were strongly linear (Semantic GVI: 𝑟 =  0.928, color GVI: 𝑟 =

 0.893, VGVI: 𝑟 =  0.874, GSR: 𝑟 =  0.863, NDVI: 𝑟 = 0.93, LU: 𝑟 =  0.891).  

One of the reasons for their success could be credited to the approach of assessing the 

whole surrounding scenery. As Ohno (1991) described earlier, the greenery 

experienced by humans on the ground level doesn’t just include the view in front of a 

person, but also the whole surrounding scene. The human-scale greenery indices try to 

mimic this 360-degree experience. Thus, all of them try to quantify the surrounding 

greenery in a way that is natural. 

The indices can also solve many challenges related to quantifying greenery. They fill 

gaps left by more qualitative methods, which can be time and cost expensive (Gupta 

et al., 2012). The approaches tested here also work in a manner that produces solutions 

to the early problems faced by Yang et al. (2009, cit. Li, Zhang, Li, Ricard, et al. 2015). 

They are also adaptable for larger areas with an ease of repeatability, which is an 

advantage over qualitative methods (Gupta et al., 2012). 

Another major advantage is the adaptability and modifiability of these methods. While 

the results hint towards NDVI having a stronger relationship than any of the 

specifically HSG targeting methods, these novel methods have more room for 

maneuverability than NDVI. This is especially true for the semantic segmentation 

based GVI, as it utilizes machine learning methods that are bound to improve with 

technological progress (Lecun et al., 2015). The size of neural networks used is mainly 

dependent on the time and processing power available (Krizhevsky et al., 2012). Thus, 

the model used, or a future option could have more opportunities for improvement, 
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compared to a more static measure such as NDVI. Semantic GVI could also be 

modified to quantify different parts of greenery as different groups. This could help to 

answer the questions about various layers of vegetation performing distinct roles for 

biodiversity (Chong et al., 2014) or human preference (Tyrväinen et al., 2003). 

A big improvement to the current machine learning methods could be gained via the 

creation of specific training datasets for extracting greenery. Currently, the popular 

segmentation model training dataset Cityscapes comes with two primary classes used 

for greenery extraction, vegetation and terrain. There lies a conflict with what is 

attempted by studying human-scale greenery:  

According to the definitions (Cityscapes Dataset, 2021), vegetation includes all 

vertical vegetation and terrain all horizontal vegetation. Problems arise from what is 

and what is not also included in these categories. As explained in the class definitions, 

for class vegetation, horizontal vegetation that grows on the side of buildings is 

forfeited, unless it covers more than 20 percent of a buildings vertical area. Similarly, 

the class terrain also includes other non-green nature elements, such as sand or soil. 

Therefore, by using the current Cityscapes dataset and those classes, some greenery 

will be automatically lost, and some non-green will be classified as green. This 

problem could be targeted by specifically creating training datasets for extracting 

greenery, as was done by such as Ye et al. (2019) and Yin & Wang (2016). This is 

however is labor intense, as optimally working convolutional neural networks require 

large datasets for training (Krizhevsky et al.. 2012; Lumnitz et al.. 2021). Though, with 

the expansion of machine learning methods, it could be likely that a specific training 

dataset for greenery assessments can exist in the future. 

While not gaining the benefits of machine learning, the LiDAR derived methods VGVI 

and GSR can be improved with more detailed datasets and additional processing 

power. In the current case, VGVI’s spatial resolution was limited to 5 meter raster 

cells, to be in line with the original usage by the authors (Labib et al., 2021). While 

appearing small from a horizontal perspective, 5 meters might include varied views of 

greenery. A more sensitive and accurate approach could be discovered with additional 

computational resources. 

As for GSR, the approach tested here also performed surprisingly well, considering its 

outset. The current approach for GSR also strikingly resembles the old 3D viewshed 
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calculations of Ohno (1991), thus bringing forth an additional, but already tested 

manner for modern greenery assessment. Due to differences of point clouds used, 

major modifications had to be made, while similarly trying to mimic the original 

version by Susaki & Komiya (2014). The method could be improved to better function 

alongside contemporary point clouds, for better segmentation. The supportive 

classification by orthophotos could also be improved by using images from different 

dates and times, to limit the effects of lighting conditions. Instead of using shadow 

prone orthophotos, other methods could be tested, such as complimenting the 

segmentation with a NDVI based classification.  

 

5.2 The computational methods follow surveyed greenery but fail to 

accurately quantify the high amounts greenery. 

 

From the results gained via the interviews, it seems that the sites are at highly green 

locations. There is a relatively high standard deviation (19.69), indicating that the sites 

had varying greenery levels. However, even with the deviation, the sites are still 

skewed towards the greener end of the spectrum. A broader representation of greenery 

environments could maybe have been gained by manually choosing sites that appear 

less green based on the indicators. But this would have disagreed with the original 

purpose of randomization and transparency when choosing the sites.  

If we reflect the obtained results back to the site sampling method, the reasons for high 

HSG values start to become more obvious. Both the mean and median values of HSG 

are greater than any of the same values for the modelling methods. This is in line with 

the results obtained by Falfán et al. (2018), where the collected human-scale greeneries 

were on average much higher than GVI or land use and NDVI derived values. If this 

underestimation of HSG values by the indices were somehow considered, maybe a 

broader range of study sites could have been attained. However, this would have 

required great care to avoid any extra human biases from being introduced to the 

results.  

Also, due to the low number of sites, the results obtained here shouldn’t be used to 

describe the spatial distribution of greenery for the study area. They still follow a 
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similar pattern observed from the Helsinki Green View Dataset, where the greenest 

areas of the city appear in the central, north and eastern parts (Toikka, 2019; Toikka et 

al., 2020). If we compare the locations of the study sites (Figure 9) and the GVI results 

for Helsinki (Figure 7), we see that many high HSG sites are located at less greener 

areas, and vice versa. Thus, it is apparent that the low N of sites used in this study is 

unsuitable for performing aggregation into larger areas, due to the impact that these 

specific and exact locations could cause. 

What has also surfaced many times over in the results, is the peculiar distribution of 

NDVI values. They are mostly based around the centrum of the possible range, with a 

relatively small deviation within their ranks. This unique looking distribution is the 

works of the normalization method used, alongside the basic nature of NDVI. As 

described, the data used for NDVI calculations was normalized based on data for the 

whole area. In NDVI, negative and low values are reserved for water, rocks and barren 

soil and positive values for vegetation (Weier & Herring, 2000).  With the combination 

of the normalization and this basic nature of NDVI, it seems that many of the current 

study sites are situated in locations, where their surrounding NDVI values are in the 

middle part of the range.  

This centralized distribution also affects the results gained via the two error assessment 

methods. If most of NDVI is in the middle of the range, it often cannot be that far away 

from the collected human-scale greenery values. Other normalization methods for 

NDVI could be tested, such as z-transformation (e.g. Helbich et al., 2021) or simply 

normalizing by the collected values, not the data. 

We can assume that both NDVI and LU are usable alternatives for human-scale 

greenery assessment. Even though the normalization method disturbed the error 

assessment, correlation results are not affected. Correlation is thus a more reliable way 

for evaluating NDVI. It had a very strong linear relationship with human-scale 

greenery values, marking that it is correlated to how people experience greenery. In a 

similar way, land use-based assessment had a strong relationship with HSG values. 

Differently, its error assessment results were worse that most of the other methods, 

except color based GVI. We can thus deduce that LU values follow HSG values 

closely but fail to accurately capture them. Compared to each other, LU had a very 
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strong relationship with NDVI. This is not surprising, because they both share the same 

buffer sizes, and NDVI was used to co-create the land cover dataset (Pesonen, 2020). 

We can also conclude that in this study, based on both the correlation coefficients and 

the error assessment, semantic GVI was a better than color based GVI. Probably the 

most striking difference between the two appears within their errors (∆𝑀𝐴𝐸 =

10.873, ∆𝑅𝑀𝑆𝐸 =  10.869). As both ∆MAE and ∆RMSE are so similar, we can 

expect that relatively, the deviations for color based GVI are more equally distributed 

than for semantic GVI. This can be interpreted that there are probably a few slightly 

larger deviations in semantic GVI data that increase its aggregated error amounts. 

However, when looking at the correlation coefficient between the two GVIs (𝑟 =

0.96), we can see that their relationship is very strong. This could indicate that they 

both catch similar types of greenery, which wouldn’t come as a big surprise, because 

they have the same viewpoint and data. 

Based on correlation coefficients and error estimation results, we can also decipher 

that VGVI worked better to estimate the HSG values than GSR (VGVI 𝑟 =

0.87, GSR 𝑟 =  0.86 & ∆𝑀𝐴𝐸 = 4.74043, ∆𝑅𝑀𝑆𝐸 =  4.353849). However, while on 

average its errors are smaller, VGVI appears to suffer from some comparably larger 

errors. Compared to the image-based methods, the relationship between the two 

LiDAR utilizing methods is not that robust (r =  0.81). While it still strong, we could 

suspect that the differences emerge from the disparate datasets that they both utilize. 

Applying the same binary greenery layer for both or setting the maximum viewing 

radius as the same could bring these two closer together, if needed. 

While the results of the error assessment might be unusable for NDVI, they can still 

be used to assess the other indices. Although the correlation coefficient showed strong 

or very strong linear relationships between HSG and the various indices, the error 

assessment indicates that relying purely on coefficients can obscure the results. If we 

ignore NDVI, the best MAE and RMSE scores were for semantic GVI. But even for 

that it, the modelled values deviate on average 12.2 on a scale of 0 to 100. For the other 

indices MAE’s deviations are even larger. We can thus infer that while the indices 

follow HSG closely, the values obtained should not be held as perfect indicators of 

quantifiable greenery. In this study at least, it seems that they fail to fully quantify the 

high amounts of greenery.  
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5.3 There are challenges related to the usage of HSG indices  

 

Even though the relationship between each tested index and method to the collected 

human-scale greenery is strong, the methods specifically created to quantify HSG do 

not appear to be the best. NDVI had the strongest and LU also a strong linear 

dependency. Also, for both NDVI and LU, the results of their error assessment were 

relatively good, with NDVI appearing the best and LU having less deviation than color 

based GVI. Albeit the error results for NDVI are a product of its centralized 

distribution from the normalization method.   

The success of both HSG indices and general greenery methods hints that all the tested 

indices capture a portion of human-scale greenery but fail to fully comprehend it. 

Falfán et al. (2018) arrived to a similar conclusion, describing that the values gained 

from quantitative methods such as GVI are vastly different from the realities 

experienced on the ground, by the people. This was already expressed by Wolch et al. 

(2014), who urged on the importance of qualitative approaches, because GIS or data 

driven methods fail to fully acknowledge all the nuances related to urban greenery. 

One possible solution for tackling this understanding challenge could be to develop a 

method that combines one or two different indices. This kind of approach was tested 

by Larkin and Hystad (2019), who combined GVI and NDVI to a GVI:NDVI ratio, in 

an attempt to better capture the vertical structure of greenery.  

It is also clear that semantic GVI appears as a stronger candidate for HSG assessment 

than its color-based alternative. When observing the images and their segmentation 

results (Appendix 1), many of these problems for the color-based method surface from 

difficult lighting conditions. Shadows appear to be a weak link for color segmentation, 

with dimmer greenery often being unquantified. Interestingly, also brightly lit 

vegetation, maybe even leaning more towards yellow, appears to be hard to quantify. 

One of the causes for this is the color space used, RGB. As Pietikainen et al. (1996) 

point out, its weakness lies with changing lighting conditions. To improve the results, 

a better color space more suitable for the task at hand could be tested (Khattab et al., 

2014). Alternatives could include color spaces already previously used for greenery 

extraction, such as HSI (e.g. Zhang & Dong, 2018) or HSV (e.g. Long & Liu, 2017). 
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Related to the lighting conditions, but caused by the fundamental focus on color, 

difficulties also appear for not-that-green greenery. For some vegetation species, the 

leaves are colored in ways that might be hard to catch with only color values. Also as 

Kido et al. (2021) warned, non-green parts of green vegetation get left out when 

segmentizing only based on color. 

Semantic segmentation didn’t perform without issues either. Similarly to the color-

based alternative, several problems are noticeable when inspecting the segmentation 

results (Appendix 1). Changing lighting conditions cause similar problems for both 

GVI approaches. The semantic method also often appears to aggregate sparse 

vegetation into large vegetation polygons, even though non-greenery would be clearly 

visible amid it. The method also seems to have problems with objects that are located 

close to the sensor. However, the method isn’t supposed to be able to perfectly segment 

vegetation. When compared to the expected mIoU of 72.39% (MaybeShewill-CV, 

2021), performs better than might be anticipated. Because of the wide array of methods 

available, different semantic segmentation models could also be compared in a future 

study. 

Both LiDAR based methods appear to have the weakest relationship with human-scale 

greenery values. However, it should be noted that the relationship is still strong. For 

GSR many of its issues probably stem from the way that it classifies vegetation. A 

definite problem existed with building edges being classified as vegetation. Susaki & 

Komiya (2014) most likely didn’t experience this, due to their point cloud being less 

dense. For this study, a targeted fix was applied to compensate with the introduction 

of buffered building polygons. This is not an ideal solution, because these buffers then 

alter vegetation located near buildings. MacFaden et al. (2012) had a similar problem 

when trying to classify vegetation for tree canopy mapping. Their solution was to use 

NDVI values and pixel by pixel object resizing to clear these greenery-appearing 

borders from buildings and to separate trees near them. This approach could be 

combined with GSR to have an enhanced greenery detection system.  

While all the HSG indices used in this study had the necessary datasets available for 

this level of use, usage in a real situation would be different. Especially the LiDAR 

and derivate based approaches are data-hungry, often requiring a multitude of sources 

to satisfy their needs. For Helsinki and Finland, with the existence of functional open 



 

84 

 

data services this doesn’t cause too many issues. But if the approaches tested here 

would be brought to another location, problems might arise. For GVI, Google Street 

View images are proprietary data and their acquisition costs money (Google, 2021b). 

Open-source alternatives could be considered, but as previously mentioned, they lack 

the qualities of monetary options (see Alvarez Leon & Quinn, 2019; Ma et al., 2020).  

 

5.4 Experienced greenery is linked with sociodemographic 

characteristics 

 

There are two main ways that the differences in non-normalized and normalized 

sociodemographic comparison interpreted:  either groups of people experience 

different amounts of greenery based on their own personal decisions or the amount of 

greenery experienced is dependent on the surroundings of these various groups.  

The normalized data shows that there are no major differences in how peoples´ nature 

experiences affect their assessment of greenery. While people’s environmental 

preferences can be affected by nature usage (Tyrväinen et al., 2003), it seems that 

nature usage does not affect the quantified perception of greenery.  

The non-normalized data indicates that there are differences in human-scale greenery 

caused by nature usage. Because the same didn’t arise from the normalized data, we 

can therefore assume that the people interviewed at the low human-scale greenery sites 

visit nature locations less commonly than people interviewed at high greenery 

locations. While this can be sidelined as a bias in the sample of study participants, it 

also hints that people living near or wandering around these non-green spaces 

experience less nature in comparison.  

In a way, the result here is not surprising. When comparing the study site locations 

(Figure 9) to the GVI map of Helsinki (Figure 7), we can see that the sites with low 

human-scale greenery values are located within seemingly not that green areas. As 

shown by Wolch et al. (2014), distance to an urban green space is one the factors that 

affects their usage. Based on the assumption that these not-so green areas do not have 

an abundance of nature present in them, we can derive that the distance required to 
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reach nature is longer for people situated at them, thus introducing them to less nature 

experiences. 

If a similar study would be conducted in the future, one extra question to ask the 

participants would about their place of residence. This could be used gauge whether 

these people with less nature experiences at low greenery areas live at them or are 

simply visiting.  As remarked by Tyrväinen et al. (2003) earlier, people who visit green 

spaces have different feelings about them than people permanently living there. Thus, 

this extra information could be used to clarify the situation about nature access and 

greenery, alongside bringing extra information about the experience of greenery. 

It is also evident from the results, that the significant difference between age groups 

30 and 60 disappeared when the data was normalized. From this, in a similar way as 

with variable nature, we can interpret that relatively more people belonging to the age 

group 30 were interviewed at low-greenery locations and vice versa with 60 and high 

greenery. While again speculative, this could be due to the greener sites being located 

near areas with more older demographics. Or the more urban areas being more 

attractive towards younger generations. This small apparent sociodemographic 

divergence should be targeted in future research. 

As for the other results sociodemographic results, no significant differences between 

genders seem to exist. This is in contrast to the earlier results of Falfán et al. (2018). 

In this study, the result was clear with both normalized and non-normalized data. We 

should therefore assume that for at least the people of Helsinki, genders do not affect 

their perception of greenery. However, the result should not be extended to cover other 

locations. In Falfán et al. (2018), the obtained differences in human-scale greenery and 

sociodemographic groups were conditional by the area studied upon. Thus, more 

research would be needed if similar findings can be expanded to other cities or 

locations as well.  

Contradicting genders, the data shows significant differences between age groups, 

especially with normalized data. The general trend appears to be the rise of human-

scale greenery with older groups. Especially groups 70 and 80 emerged disparate from 

the other groups by variance analysis when normalized. Also, group 30 appears 

visually to have a lower distribution compared to all the other groups, but these 

differences were not significant when the data was investigated again by variance 
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analysis after normalization. This falls somewhat in line with the earlier findings of 

Falfán et al. (2018), where people under 37 appeared to experience less greenery. The 

results contradict to their other findings, because of the increase of HSG in this study 

for older people. The results obtained here could also relate to the findings of 

Tyrväinen et al. (2003), who showed that older people have different visual presences 

for green environments, but significant conclusions between the two cannot be drawn. 

Also, the previous note that these results might be area dependent should be taken into 

consideration. 

In any case, the results of variable age should be treated carefully. The number of 

participants for both groups 70 and 80 is relatively low (𝑁 =  30,10), especially when 

comparing against other groups. While the differences between them and other groups 

are significant, this low N should be taken into consideration. 

 

5.5 The focus with HSG should not solely lie on the total amount of 

greenery, but instead on its components and meaningfulness. 

 

Based on the feedback received while handling the interviews, it seems that the amount 

of human-scale greenery experienced is also dependent on other senses than the visual 

one. Multiple participants mentioned that especially the sounds of traffic made them 

to see less greenery. Similarly, sounds related to the nature, such as bird songs and the 

wind brushing against nearby leaves made them to see an increase of greenery. While 

speculative, this could fall in line with similar findings as Tyrväinen et al. (2003), who 

mentioned that other senses than vision also have influence for the appreciation of 

scenes. 

Additional focus could also be given to other aspects of the viewshed. As shown by 

Helbich et al. (2019) earlier, GVI values were inversely associated with depression 

levels. In that study, a similar relationship was found between depressive symptoms 

and blue views, as in views to waterbodies. Comparable findings were also presented 

by Liu et al., (2021), where blue views were strongly linked with positive feelings and 

also weakly related to general feelings of contentment in life. Another example could 

include sky views that were found to be similarly linked to housing prices (Fu et al., 
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2019) and street walkability (Yin & Wang, 2016). Also, the portion viewshed occupied 

by buildings has been studied (e.g. Fu et al., 2019). 

However, the quantification of viewshed aspects cannot be automatically linked with 

other phenomena. Liu et al. (2021) warn that the benefits and effects of these viewshed 

aspects might be culturally sensitive and highly dependent on the type of person in 

question, as is the experience of seeing greenery as a whole. The effect can also vary, 

with the type of relationship between visual indices and other variables changing by 

study location (e.g. Fu et al., 2019).  While conducting the interviews, many people 

started vocally comparing the views at the study locations to their birth places or earlier 

areas of residence. As an example, multiple people who mentioned to be originally 

from highly green forested areas said that they just cannot see that much green based 

on what they know that could be possible. In a similar fashion, for some people, even 

small droplets of greenery, such as plants visible from windows and balconies made 

generally less green sites appear greener as a whole. These kinds of comments were 

not collected on purpose but share some light on the peculiar aspects of perceiving 

greenery. They could be linked to both Liu et al. (2021), but already to earlier findings 

presented by Aoki (1999) that personal characteristics and cultural backdrop have an 

impact on the contemplation of scenery. 

More backing for the cultural and personal differences can be interpreted from the 

results of Falfán et al. (2018). In their comparison of GVI values to HSG, they studied 

two different cities. While those two cities were similar in the sense that for cities HSG 

values were higher than GVI values, the relationship for was not uniform (mean GVI 

22.1% and mean HSG 44.1% compared to mean GVI 13.3% and mean HSG 48.6%). 

Because the study presented here scrutinized only Helsinki, different results between 

the modelled indices and human-scale greenery values might be obtained if a similar 

study would be completed at another area. 

When thinking about the benefits gained from human-scale greenery, all greenness is 

not uniform. While this study focuses on indices that try to assess the total amount of 

greenery, the focus should maybe lie on the types of greenery experienced. Already 

Aoki et al. (1985) suspected from previous research that trees have a stronger 

psychological effect on people than short vegetation. While Aoki et al. thought that 

this psychological consequence was due to the more 3-dimensional structure of trees, 
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more tangible examples can be seen with the ecosystem values changing vertically. 

Green vegetation is not vertically uniform in the biosphere, with different layers 

serving various purposes for the ecosystem (Tong et al., 2020). The lower layers serve 

a notably important purpose, providing the base for nutrient recycling, plant growth 

and the highest biodiversity (Antos. 2011; Threlfall et al.. 2017). Indicated by Chong 

et al.  (2014) earlier, biodiversity is highly dependent on the types of greenery and how 

it’s being managed by human caretakers. Similar deviations on preferences for the 

management methods were also found to influence us humans by Tyrväinen et al. 

(2003). 

It should also be noted that GVI, but other similar experienced phenomenon 

approaches should not be used as indices for the existence of vegetation. Kumakoshi 

et al. (2020) argue that they should be only used for assessing the green vegetation 

experienced by people and brings up four main points for this. Firstly, when pursuing 

the greenery experienced by people, the importance of obstacles rises. This means that 

wide patches of vegetation can be in an area but are hidden from the view. Secondly, 

the modelling of human-scale greenery is often conducted from locations more 

suitable for people, such as streets or buildings. More than often, these are 

encompassed by built-up surroundings. Therefore, increasing the significance of 

artificial materials such as asphalt. Thirdly, related to the human nature, people interact 

with their environment with a gaze pointed towards the horizon. Greenery indices 

might try to mimic this and when doing so, the emphasis on the canopy of vegetation 

becomes limited. Lastly, the general way that human-scale greenery indices are 

modelled with tightly knitted sample points causes problems for vegetation 

assessment. A single green object can appear in multiple locations. Thus, causing 

overestimations for the general vegetation of an area.  

Due to the previously mentioned, the need for traditional greenery estimation stays 

relevant. The indices tested here should not be used for all greenery assessments, but 

instead to complement the existing range of methods (Ye et al., 2019).  

Similarly, human-scale greenery indices cannot be used as indicators for the usage and 

access of green spaces (Liu et al., 2021). Because the access to urban greenery in 

general is unequal (Wolch et al., 2014), additional methods are needed to make sure 

that while greenery exists, it is also accessible to people (Villeneuve et al., 2018). The 
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sociodemographic results gained here that hint towards an unequal access of nature, 

call for the need of researching greenery’s accessibility. Albeit this study didn’t focus 

on the accessibility of ground level greenery or nature, the importance of greenery, 

human-scale greenery and nature in general as components of healthy human existence 

are undisputable from the literature shown earlier. Therefore, the accessibility and 

distribution of human-scale greenery is something that requires necessary attention in 

the future. 

All and all, methods that focus only on the experience itself and not its subparts might 

lack in their ability to address the ecological components of various scenes (Tyrväinen 

et al. 2003). Based on the literature and even the results gained in this study, it seems 

that the quantifying greenery into a single GVI or other similar index is 

oversimplifying the essence of human-scale greenery. A broad combination of 

methods and viewpoints is thus needed to fully understand how the experience of 

greenery is projected onto each and every being. And human-scale greenery modelling 

methods are important pieces for this puzzle. 

 

5.6 Seasonal variance affects human-scale greenery estimation. 
 

While the challenges related to greenery types and experience could be solved, nature 

itself provides challenges that are harder to figure out. The city in question for this 

study, Helsinki is located at the northern edges of Europe. This means that leaves for 

deciduous trees are not present year around, instead appearing around late spring and 

dropping with arrival of cold autumn weather. With this, human-scale greenery of 

Helsinki is not the same all year around. The interviews for this study were conducted 

during the greenest time of the year, but the collected results would be totally different 

when gathered during another time or season. 

Also, the benefits gained from visual greenery are dynamic with this cycle. While 

Villeneuve et al. (2018) showed that GVI was linked to recreational activity during 

summer, the same relationship didn’t appear for winter times. It appears that the 

benefits gained from greenery diminish during the winter times. Similarly, the positive 

ecosystem services suffer with deciduous vegetation that wilts away for a large portion 
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of the year (Leng et al., 2020). Therefore, is it meaningful to quantify the total amount 

of greenery just for the greenest season?  

One solution to this would be to supplement deciduous trees with more evergreen trees 

(Leng et al., 2020). While this might increase the total human-scale greenery and bring 

back some ecosystem benefits for the winter times, it might not be what people prefer. 

As indicated earlier by Tyrväinen et al. (2003), strong preferences exist for the visible 

vegetation species. Among these results, pine (evergreen) and birch (deciduous) were 

the most preferred species. However, spruce (evergreen) and combinations of multiple 

tree species were least preferred. Thus, the introduction of more mixed tree species 

installations could possibly increase the amount of greenery for the winter times, but 

with the cost of decreasing people’s opinions of them for the summer season. 

Yet, if the previous solution would be implemented, there are still more challenges that 

could be even harder to face. The reason for why the green portion of vegetation 

withers away in the first place, is the lack of light that would be needed for 

photosynthesis. Light is also needed to see greenery in the first place and if there isn’t 

that much of it during the winter, less greenery will be visible even if it would exist in 

its winter resistant form. One could also suspect that in many light emancipated cities 

of the North (and maybe even south if you go far enough), the urban structure is more 

cramped to prevent energy from being wasted for artificially lighting empty spaces. 

The empty spaces that could accommodate for greenery (Leng et al., 2020). 

 

5.7 The study of human-scale greenery is evolving 
 

The study of human-scale greenery might not stay for long in the form that it is 

presented in this study. In a nearby future, greenery assessments can be done smoothly 

in real time with video feeds segmented as they are transmitted. Already the semantic 

segmentation method used for this study boasts an impressive FPS value of 156 (C. 

Yu et al.. 2020), high enough to maintain a smooth and stable segmentation of video 

feeds (Kido et al.. 2021). This progress will most likely be continuous, as the 

importance of machine learning methods will increase in the future. The success rates 

gained from deep learning inflate based on the amount of data and computational 

power available (LeCun et al.. 2015).  
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One interesting opportunity would be to predict the amount of greenery experienced 

in future landscapes. Already attempted earlier (see: Ohno, 1991), this was shown to 

be possible by S. Yu et al. (2016) with LiDAR derivates. For imagery, Kido et al. 

(2021) demonstrated that it should be possible to use Mixed Reality and add impending 

construction and development projects virtually onto current scenes. Planners and 

other stakeholders could then explore the effects caused by these changes in real time 

before they are realized. Kido et al. (2021) managed to process their Mixed Reality 

video feed at 5 FPS and calculated GVI values of future landscapes, before their 

realization. The approach wasn’t perfect, the system didn’t provide a smooth viewing 

experience and had troubles in handling some Mixed Reality situations. However, it 

proved that the concept is possible, especially with computational improvements fast 

approaching.  

While the approach by Kido et al. (2021) provides opportunities, it’s still labor intense, 

with the need for at site imagery and video. More scalable approaches could be found 

fromi LiDAR derived indices, such as the ones used for this study, VGVI and GSR. 

Using data that’s distributed on a city-wide scale and readily available can remove the 

need for labor intense fieldwork. The terrain and surface models used are also easily 

modifiable and thus support the implementation of future landscapes on them. Yet, the 

results obtained in this study do not point at VGVI or GSR as the best methods for 

extracting human-scale greenery. However, the results also indicate that they both 

operate relatively well to model the greenery experience of the street levels and should 

as such be considered as viable alternatives. Similar scalable and dynamic approaches 

could be achieved with the usage of modifiable urban models such as the CityGML 

example set out by Virtanen et al. (2021).  

The most extensive, but simultaneously accurate coverage for human-scale greenery 

could possibly be achieved via a combination of different methods. In a way, this was 

already done for the Helsinki Green View Dataset, with the usage of land use data to 

fill gaps related to the availability of images (Toikka et al., 2020).  While image-based 

approaches with machine learning segmentation methods can provide the most 

accurate assessments in the future, their spatial coverage is still lacking and mainly 

limited to the street network (Ye et al., 2019). Thus, alternative novel methods, but 

also evolving old approaches are needed to fill the gaps. 
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What can be certainly stated, is that the ways of capturing human-scale greenery are 

not going back to the old methodology of manual imagery and segmentation. As seen 

in this study, the new methods employ a wide variety of modern, novel data sources.  

Big data and machine learning methods are simply just too potent and ever-increasing 

to be ignored. Interdisciplinary attention is needed to bridge the gap between these 

contemporary methods and data sources, and their introduction into usage (Long & 

Liu, 2017; Yin et al., 2015). A common ground between the various methodological 

approaches should be achieved to carry out the task of trying to quantify the amount 

of greenery experienced on a city-wide scale.  
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6 CONCLUSIONS 

 

The focus of this study lies on human-scale greenery. There has been a critical gap in 

understanding how people experience greenery and how the approaches that we use 

for modelling it manage to explain the reality (Aoki, 1991; Falfán et al., 2018; Yang 

et al., 2009). This has been attempted earlier (e.g. Falfán et al., 2018; Utashiro & 

Ohsuga, 1974), but many questions with regard to human-scale greenery have 

remained unanswered in the scholarly literature. The goal for this study was to better 

understand HSG and to find out how to best capture it with modern computational 

methods. 

Human-scale greenery is diverse, highly personal and location dependent. Its extent 

has been proven to be related to many positive physical, psychological, and social 

influences on our lives. People do not see scenes uniformly, but are instead affected 

by their personal characteristics and heritage (Aoki, 1999). Amount of human-scale 

greenery affects opinions (Aoki, 1976; Ohno, 1991; Schroeder & Cannon, 1983), but 

the types of greenery preferred are not homogenous (Schroeder & Cannon, 1983; 

Tyrväinen et al., 2003). The amount of experienced human-scale greenery can also be 

used to assess other phenomenon in a different manner compared to other green space 

indicators. 

The indices and methods tested in this study have strong or even very strong linear 

relationships with human-scale greenery. They are not perfect, often underrating the 

greenery people experience, but the same has been observed before (Falfán et al., 

2018). However, they do follow closely to changes in that greenery, thus having a 

strong relationship with what we experience on the ground level. They are also 

modifiable and adaptable for the future and can be extended from the twenty study 

sites to more extensive coverage.  

It can also be concluded that based on the results obtained here, the usage of machine 

learning semantic segmentation methods for obtaining GVI should be promoted. Color 

based segmentation faces light-intensity problems. While semantic segmentation 

suffers from the same, it has the advantage of increasing and trainable efficacy gained 

via the further development of machine learning methods. A specific training dataset 

for greenery segmentation models should be created. LiDAR based, its derivate and 
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other types of methods can be used as viable alternatives, especially to fill the gaps left 

out by data coverage. 

However, it was also apparent that these new indices do not fully catch the greenery 

that people experience. NDVI and land use can also be used to quantify HSG. To bring 

forth a better comprehension into quantifying human-scale greenery, one of the ways 

forward could be to combine multiple approaches, to catch the diverse nature of 

human-scale greenery (e.g. Falfán et al., 2018; Larkin & Hystad, 2019). Also, the need 

for traditional greenery assessment stays, along with other urban studies. HSG indices 

cannot be used to evaluate the existence of vegetation or its accessibility.  

With the sociodemographic comparison, there were hints that age may affect the 

perception of greenery. This matched earlier results only partially and would need 

additional confirmation due to the low number of participants for some variable 

groups. The results also revealed that different kinds of people were interviewed at 

sites with disparate HSG values. It appears that when randomly selecting participants, 

human-scale greenery is related to what kind of people are met at certain locations. 

This supposed sociodemographic divergence should be noted and assessed in future 

HSG and urban greenery studies. 

For the future, we should also contemplate the meaningfulness of quantifying absolute 

HSG. Different parts and types of greenery have various roles and thus should be 

evaluated also separately. We can also evaluate other aspects of the viewshed than 

green greenery to better understand the influences of ground level phenomenon. For 

Finland as an extra, nature sets out its own challenges, with changing seasons and 

vegetation states. Greenery should not be seen as uniform, but instead as a compilation 

of factors. We need pervasive attention to greenery, using multiple diverse methods 

and perspectives. 

As a concluding remark, we can wonder how green Helsinki appears based on the 

surveyed greenery values. While the 20 sites surveyed in this study cannot be used for 

aggregating into areas, their average HSG value of 61% is still higher than expected. 

If 30% (Aoki, 1976) or 15% (Ohno, 1991) of visual greenery is needed to make people 

appreciate their surroundings, this unexpectedly high number comes as positive 

surprise. While challenges remain and the peak greenery of summer withers away for 

the winter, Helsinki will remain a green city in the perceptions of people. 
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9 APPENDIX 

 

Appendix 1. Pictures taken from the study sites for GVI calculation. Note that the 

images are slightly distorted for the figure. On the top row is the unsegmented image. 

Second row has the results of color segmentation. Bottom row consists of the semantic 

segmentation results. White pixels mark areas classified as greenery. Black pixels 

signify areas that are not classified as green. 
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Appendix 2. GSR occlusion maps for the study sites. Dark green marks areas of the 

viewshed occluded by vegetation. 
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Appendix 3 

Site specific values for all the indices 

id HSG GVI (color) GVI (semantic) VGVI GSR LU NDVI 

1 58.65 34.53 51.75 59.23 53.37 38.50 58.45 

2 71.44 40.25 73.05 93.97 69.45 80.80 66.04 

3 79.86 64.95 80.60 89.74 67.05 78.90 67.42 

4 43.90 16.67 25.50 5.93 28.66 11.20 47.86 

5 59.30 13.76 28.85 67.53 21.32 30.60 49.51 

6 63.67 26.76 50.31 59.18 53.21 49.00 57.09 

7 16.15 0.66 2.50 1.16 4.20 0.00 33.61 

8 80.26 46.49 66.05 73.24 75.77 70.60 67.70 

10 37.36 20.46 37.17 36.05 26.04 13.20 46.41 

11 55.79 26.57 41.34 28.18 37.38 18.70 48.46 

12 64.57 42.56 46.04 46.57 25.12 43.20 58.94 

13 67.80 44.91 53.77 43.44 38.36 29.80 53.25 

14 68.57 37.01 56.48 64.72 38.67 46.40 55.82 

15 60.33 42.71 49.14 74.87 37.8 29.20 52.87 

20 79.60 67.71 90.74 84.74 67.09 84.20 69.97 

21 85.60 73.26 81.80 93.61 76.92 92.20 70.41 

22 85.35 68.1 78.85 82.77 70.94 75.20 67.01 

23 41.67 15.78 20.19 19.06 33.81 32.00 52.57 

24 74.80 76.61 87.72 66.20 42.97 49.10 57.68 

27 23.55 1.59 6.19 20.01 9.41 2.60 39.69 

 

Appendix 4 

https://github.com/jusba/GSR 

 

 

 

 

 


