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ABSTRACT ARTICLE HISTORY

Public participation geographic information system (PPGIS) is a facilitated Received 28 March 2023

Volunteered Geographic Information approach and data collection Accepted 15 August 2023

method that aims to capture the spatial experiences of individuals.

Although we experience the space around us three-dimensionally, I3([§~Y(‘3A|’59||‘DS . .
X X R X ; GIS; landscape; metrics;

altitude, as the third dimension, has been often absent from PPGIS PPGIS

research and practice. This is largely because of the complexity of

implementing surveys in 3D but can also be attributed to a lack of

analytical preparedness for using such data. This study complements 3D

PPGIS data collected from a pilot study of the Aninkainen block in

Turku, Finland with synthetic, i.e. artificially manufactured, data to

propose an analytical framework for the study of 3D PPGIS data. The

analytical framework divides methods based on the geographical scale

into two groups: micro- and macro-scale analysis. In this framework, we

propose the use of geospatial metrics to analyze 3D PPGIS data. We

argue that while this multidisciplinary area of research is in its infancy,

use of intuitive 3D adapted geometric and landscape metrics can help

overcome some of complexities associated with use of this emerging

participatory data. We conclude by outlining the limitations and

envisioning areas for future research.

1. Introduction
1.1 Background

We experience the space around us three-dimensionally (3D) and perceive our cities as a collection
of related 3D physical elements. These elements can include anything from buildings to various
natural and man-made spaces. For spatial planning of urban futures, integrating the different
elements of built and natural environments is crucial and best understood when the third vertical
dimension of the elements is acknowledged. However, geographic information systems (GIS) effec-
tive in treating, managing, and analyzing various spatial data have predominantly been applied to
analyze and study our world in 2D or 2.5D. A 2.5D visualization is a convenient and efficient
approach for exploiting city models in web GIS without incorporating 3D objects as surface or
volume models (Liang et al. 2016). Nevertheless, in the past decade, owing largely to advancements
in digital and computational technologies, a paradigm shift has occurred in geographic information
science. We are analyzing, simulating, and visualizing our world in 3D, and even developing 3D
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‘metaverses’ has become commonplace (Song and Hong 2021). This trend has slowly but steadily
emerged in urban spatial planning as well. Urban 3D models (Biljecki, Ledoux, and Stoter 2016),
digital urban twins (Dembski et al. 2020), and various attempts toward urban gamification for
different planning purposes are a few examples of such endeavors (Qi et al. 2021; Batty 2018).
Development has primarily focused on mapping and representing built and biophysical environ-
ments. There are several examples of cities worldwide that have produced open-access browser-
based 3D city models, (Biljecki et al. 2015; Julin et al. 2018) and commercial actors such as Google
Earth have been creating 3D globe models for a long time. Gaming technology (Almahmood and
Skov-Petersen 2020) and computer-aided design (CAD) (Hermansdorfer et al. 2020) have a long
history of using 3D technology.

However, little but increasing attention has been given to the opportunities that virtual 3D land-
scapes can potentially offer for identifying people’s subjective opinions and perceptions to enhance
citizen participation and communication in urban planning (Eilola et al. 2023). Recently, interest in
applying 3D geovisualizations, 3D city models, and digital twins to facilitate participation in plan-
ning (Biljecki et al. 2015; Batty 2018; Ketzler et al. 2020; Tao et al. 2019) has begun to emerge in
(landscape) architecture, land use, landscape, and environmental planning at different stages of
planning processes (Lovett et al. 2015; Portman, Natapov, and Fisher-Gewirtzman 2015). This
has predominantly been in the form of participatory 3D modeling (P3DM) or Three-Dimensional
Digital Participatory Planning (3DDPP). P3DM applies mapping as a process where participants
are developing a tangible 3D model of their community (Gaillard and Maceda 2009; Le Dé et al.
2020). Similarly, 3DDPP has been used as a collaborative virtual environment where stakeholders
and planners are immersed in a 3D co-creative space for designing and planning their own cities
(Bouzguenda, Fava, and Alalouch 2021).

On another front, stemming from human geography and land use planning, studies have during
the past two decades increasingly addressed people’s place-based experiential knowledge in land-
scape and urban planning (Brown, Reed, and Raymond 2020). This has been predominantly
addressed through participatory mapping methods (Public Participation Geographical Information
Systems, PPGIS), often combining digital surveys with a mapping component (Brown and Kyttd
2018). PPGIS is a variant of traditional Volunteered Geographic Information (VGI). VGI involves
the voluntary contribution of geographic information by individuals, while PPGIS focuses on uti-
lizing GIS technologies to engage the public in decision-making processes (Goodchild 2007). PPGIS
can be conceived as a form of facilitated VGI (f-VGI) (Seeger 2008; Seeger 2017), where participants
volunteer to map specific issues of interest to researchers or planning bodies. In {-VGI, the collec-
tion of volunteered information through online mapping interfaces is shepherded by a facilitator as
part of a pre-established planning or design process (Seeger 2008; Seeger 2017) and as such, shares
goals similar to PPGIS (Brown and Kyttd 2014). PPGIS has successfully engaged both the general
public and individual stakeholders to identify and map landscape values, behavior, development
preferences, and ecosystem services in a variety of contexts and scales (Fagerholm et al. 2012;
Kyttd et al. 2015; Plieninger et al. 2013; Sherrouse, Semmens, and Clement 2014).

Use of 3D visualization and techniques in participatory processes is often found to promote par-
ticipation and communication in planning (Neuenschwander, Wissen Hayek, and Grét-Regamey
2014; Pettit, Cartwright, and Berry 2006). Although the amount of empirical evidence is still limited
(Eilola et al. 2023), several recent studies have shown that people may consider 3D virtual landscape
visualizations to be more explanatory, realistic, and understandable than 2D maps in different
stages of landscape planning (Cadag and Gaillard 2012; Liitjens et al. 2019; Virtanen et al. 2015;
J. C. Gaillard et al. 2013). Therefore, although PPGIS is typically applied using 2D topographic
or satellite image maps, exploring use of 3D map view is a tempting area for exploration. However,
this is an underexplored area in the current body of literature as most applications are still largely at
a visionary level (Eilola et al. 2023; Julin et al. 2018). Snizek provided an early suggestion and appli-
cation of what came to be the 3D PPGIS (2003). Later, Babelon (2017) proposed the combination of
web-based PPGIS and 3D city models as a ‘socio-technical hybrid’ that can empower participatory
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mapping. Hasanzadeh and colleagues take the notion of 3D PPGIS further and envision its future
application for empirical urban research (2022). They go further by discussing that this may be the
new frontier in participatory mapping research in coming years and that there is need for more
methodological work in this area (Hasanzadeh and Fagerholm 2022). In a similar attempt, but
with a different purpose, Gkeli et al., provide a technical solution for collection of crowdsourced
3D cadastral surveys (2020). Using a case study of Athens, Greece, they show that this approach
can be used to provide a functional 3D cadastral system in areas lacking accurate registration
maps (Gkeli, Potsiou, and Ioannidis 2020).

Digital map-based survey approaches incorporating 3D virtual landscapes (i.e. online 3D PPGIS)
are emerging in both business and academia (Hermansdorfer et al. 2020; Petrasova et al. 2018).
There are also reports of 3D PPGIS being piloted or implemented as both analog and digital parti-
cipatory tool (Babelon 2017; Jeansson, Telldén, and Khashayar 2012; Rambaldi and Callosa-Tarr
2001). However, more methodological work is required before 3D PPGIS becomes more prevalent.

1.2 Methodological gaps and research objectives

As stated earlier, discussions around 3D PPGIS are relatively new and there is need for methodo-
logical developments. The design concept for 3D participation and the required methodology for
integrating 2D maps and 3D visualizations have been previously discussed in a number of studies.
These studies do not necessarily use the term 3D PPGIS, however many of the findings related to
integration of 3D and 2D visualizations for participatory purposes can also be applicable to 3D
PPGIS development. For example, Mueller et al., describe a new strategy for ‘crowd-creative’
urban design using 3D visualization technology (2018). Similarly, Lieven describes the efforts by
city of Hamburg to integrate various interactive visualizations, including 3D surfaces and city
models, into their GIS-based participatory platform (2017). In another study, researchers present
a technical solution for crowdsourced 3D cadastral surveys, which involves the simultaneous
implementation of 2D and 3D property registration (Gkeli, Potsiou, and Ioannidis 2020).

However, in this study we focus on a different methodological gap that only arises after data col-
lection. Presently, there is a notable absence of established methodologies for effectively analyzing
the 3D data generated through participatory processes involving individuals (Hasanzadeh and
Fagerholm 2022). To address these knowledge and methodological gaps, we developed a 3D
PPGIS approach and applied it to collect the preferences of urban residents regarding the future
development of the Aninkainen area in Turku, Finland. The addition of the 3D component in
PPGIS introduces the use of 3D spatial data and visualization techniques. Using the 3D PPGIS sur-
vey, the participant can browse the study area including the representation of buildings and terrain
in a three-dimensional space and place markings by clicking on any desired location within the
space. Accordingly, the 3D coordinates of the marked point together with any additionally provided
information will be stored in the database.

In this study, our primary objective was to investigate spatial analytical methods suitable for ana-
lyzing such 3D PPGIS dataset. As PPGIS data has not adequately been explored in 3D, this research
represents a significant analytical contribution introducing a novel approach that can promote and
facilitate the adoption of 3D PPGIS in future participatory research endeavors. We recognized the
need to cover a wide range of analytical methods, including those suitable for analysis on both
macro and micro geographical scales. However, as the data was collected from one city block,
only micro-scale analytical methods could be explored. To address this, we expanded our dataset
by incorporating synthetic 3D PPGIS data from a larger area in Turku’s city center. To generate
this synthetic data, we utilized a context-sensitive algorithm that leveraged learning techniques
to generate realistic data (Hasanzadeh and Fagerholm 2022).

This study is structured around two key steps. Firstly, we propose an analytical framework for
3D PPGIS, which incorporates a diverse range of geospatial metrics. The metrics are presented
using a division of analytical methods based on macro and micro geographical scales. Secondly,
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we demonstrate the practical applicability of this framework by applying it to both the Aninkainen
case and the synthetic data. With the help of this empirical analysis, we discussed the potential of 3D
PPGIS and deliberated on potential future directions for its implementation.

1.3 Spatial analysis of 3D PPGIS data

Digital participatory mapping surveys have been used for over a decade to collect large amounts of
spatial experiential data in numerous studies from around the world (Brown et al. 2015; Gottwald,
Laatikainen, and Kyttd 2016; Laatikainen et al. 2017; Saadallah 2020; Brown and Kyttd 2018; Hasan-
zadeh et al. 2022). However, when it comes to 3D PPGIS data, we are in a new territory for systema-
tic analysis and exploration. While 3D participatory mapping has been present in form of
Participatory 3-Dimensional Mapping (P3DM) (Cadag and Gaillard 2012; Gaillard et al. 2013),
3D Digital Participatory Planning (3DDPP) (Afrooz et al. 2018; Bouzguenda, Fava, and Alalouch
2021), at a visionary level (Babelon 2017), or as analog participatory mapping activities using phys-
ical 3D models (Rambaldi and Callosa-Tarr 2001), to the best of our knowledge, it has not been
implemented digitally to collect sizable participatory GIS data. Nevertheless, the extensive amount
of research on conventional 2D PPGIS data and the wide range of analytical methods available
(Fagerholm et al. 2021; Broberg, Salminen, and Kyttd 2013; Brown and Fagerholm 2015; Hasanza-
deh, Broberg, and Kyttd 2017), coupled with previous applications of other types of 3D geospatial
data, provides us with a good starting point for stepping into this new territory.

Analytical methods can be categorized in various ways depending on the context, purpose, and
complexity. In a previous study by Fagerholm et al. (2021), the analytical methods of PPGIS data
were divided into three categories: explore, explain, and predict, reflecting different levels of analyti-
cal complexity corresponding to the desired depth of knowledge discovery. Another categorization
of GIS analytical methods can be proposed based on the spatial scale of the analysis: macro and
micro. Macro-scale analysis refers to the study of a larger area, whereas micro-scale analysis focuses
on the scrutiny of a more particular and compact spatial unit (Bryant and Delamater 2019). In an
urban context, an example of such a division is the distinction between analyzing a whole city versus
specific blocks or buildings. PPGIS has been used on both scales, although distinguishing it from
previous studies can be challenging. Previous studies using PPGIS have often addressed people’s
spatial values, experiences, and behaviors, which are operationalized in daily life and are often
not restricted to detailed local surroundings. Therefore, although one can argue that the map mark-
ings done by survey respondents can be very detailed depending on how close the respondent has
decided to zoom in on the map, the general application has predominantly been to study larger
areas (Brown, Weber, and de Bie 2015). Furthermore, considerations made during the design of
the mapping component in a PPGIS survey can help facilitate the implementation of PPGIS on
a microscale. A map-based survey specifically designed for data collection at a detailed spatial
scale has been shown to be effective, particularly in planning practice (Kahila-Tani, Kyttd, and
Geertman 2019). Nevertheless, this often requires special technical arrangements, which could be
another reason why the adoption of PPGIS in detailed scale studies has been far less common.
For example, to study people’s experiences within a city block or a building, we need to also
have information on the actual plan of the building and data in 3D. This is where the 3D PPGIS
can be helpful.

From a technical GIS perspective, PPGIS data shares similarities with other GIS data, comprising
points, lines, and polygons, highlighting their comparable nature in terms of data structure and rep-
resentation. Hence, a wide range of analytical methods previously used to study PPGIS data fall into
the category of common geospatial practices (de Smith, Goodchild, and Longley 2021). Spatial pat-
tern analysis focusing on density, kernel, and clustering of map features (Muioz et al. 2019; Brown
and Glanz 2018), proximity-related analysis such as distance and buffer analysis (Laatikainen et al.
2017; Brown and Hausner 2017), visual and overlay analysis (Kyttd et al. 2013), suitability analysis
(Brown, Sanders, and Reed 2018), and association analysis (Kajosaari, Hasanzadeh, and Kyttd 2019;
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Laatikainen, Haybatollahi, and Kyttd 2018) are examples of spatial and statistical methods that are
common for exploring and explaining PPGIS data (Fagerholm et al. 2021).

Another analytical direction, which is not unique to PPGIS but has occasionally been adopted for
the study of place values, is the use of landscape metrics. Landscape metrics are used in landscape
ecology to quantify various characteristics related to land cover, structure, function, and change
(Leitdo et al. 2012). This is conventionally done by quantifying the structure and distributional pat-
terns of various landscape elements, such as plants, animals, terrain, and other physical character-
istics (Brown and Reed 2012). Few PPGIS studies have attempted to adopt or develop metrics to
analyze the social perceptions of landscapes through social landscape metrics that quantify
human perceptions (Broberg, Kyttd, and Fagerholm 2013; Bryan et al. 2010; Raymond et al.
2016; Brown and Brabyn 2012; Brown, Weber, and de Bie 2014; Brown and Reed 2012).

Landscape metrics have been predominantly applied to 2D GIS data; however, interest in their
application to 3D data, particularly laser scanning data (LiDAR) and point clouds, is also present.
Blaschke, Tiede, and Heurich (2004) used a set of 3D landscape metrics on LiDAR data to model
and investigate the 3D structure of forests and their spatial patterns in a national park in Germany.
In another study conducted in two urban areas in the UK, Chen et al. analyzed urban landscape
patterns using both 2D and 3D landscape metrics (2014). They concluded that the inclusion of
height as the third dimension and hence the use of 3D metrics instead of 2D measures can result
in a better understanding of the structures and distribution of landscape patterns, including build-
ings and trees (Chen, Xu, and Devereux 2014). In another study conducted in New Orleans, USA,
researchers built upon familiar, traditional, patch-based 2D landscape metrics and developed a
number of 3D landscape metrics based on LiDAR data (Kedron, Zhao, and Frazier 2019). While
showcasing the usability of these metrics in capturing aspects of patterns that traditional and sur-
face metrics cannot reveal, researchers argue that such metrics can be further context specific, and
future research should seek more 3D metrics for wider ecological contexts (Kedron, Zhao, and Fra-
zier 2019). The advantages stemming from the utilization of 3D metrics in comprehending diverse
geospatial data prompt a compelling incentive to examine its prospective application within the
domain of 3D PPGIS data. Nevertheless, the exploration of 3D GIS metrics in the context of
PPGIS data has been limited thus far, primarily due to the prevailing availability of PPGIS data
exclusively in 2D formats.

The computation of most 2D metrics relies on a few basic components, including the attributes
(characteristics), area, perimeter, and adjacency (McGarigal and Ene 2012). This list can also be
expanded to include vertical heterogeneity, height above ground, aspect, volume, etc., of 3D
metric measurements (Shi, Yang, and Li 2010). Nevertheless, a rich and dense 3D dataset enables
the use of more complex approaches. This can include various models of different complexities,
clustering-based or machine-learning techniques, and various artificial-intelligence-powered
models for pattern recognition (Fanos et al. 2020; Ma et al. 2018; Vartholomaios 2019). Despite
the analytical and technical superiority of these advanced techniques, this is not a promising
analytical path for 3D PPGIS data. This is because most PPGIS datasets collected to this point
rely on data provided by hundreds of individuals (e.g. Brown and Kyttd 2014), and even in the
best implementations, the spatial data quality and density are not comparable to laser scanning
or GPS data (Hasanzadeh 2021). Therefore, analytical approaches, such as artificial-intelligence
(AI) and machine-learning, which typically thrive on massive high-quality spatial datasets, are
not feasible with PPGIS data. Additionally, PPGIS data are used in various multidisciplinary
research fields and by planning practitioners from various backgrounds who may not find overly
sophisticated approaches, either practical or necessary (Fagerholm et al. 2021). Thus, simple,
practical, and informative metrics for 3D PPGIS data seem to be a more logical analytical
approach for this emerging type of experiential data produced by people. Accordingly, in this
study, we explore different measures inspired by previous research in GIS and PPGIS, as well
as some fundamental geometric measurements, to identify metrics that can help us navigate
through the newly emerging 3D PPGIS domain.
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3. Methods and materials
3.1 3D PPGIS survey development and data collection

We conducted an online participatory mapping survey that included, instead of a conventional 2D
map, a 3D mapping interface. The development and piloting of the 3D PPGIS survey was a public-
private-academia collaboration between the companies Mapita, who provided the map-based sur-
vey tool, and Sova3D that developed a 3D city model integrating various open-source datasets, with
the city of Turku and the University of Turku. The purpose of the survey was to gather preferences
for the future development of a specific area (city block) in Turku called Aninkainen (Figure 1). The
case site was selected together with the city of Turku. The Aninkainen block has an ongoing spatial
planning and renewal process, and the city of Turku needs to gather citizen perceptions and
opinions through a participatory process. For the city of Turku, another aim of the survey was
to increase citizens” knowledge regarding the area and its culturally significant buildings. The oldest
building originates to 1890s and has been a nursing home since that time. The block has also a con-
cert hall and educational buildings from the 1950s and the functionalities of these buildings will
change in the current urban renewal process. Also, urban densification through new buildings is

R
%!
N

Figure 1. The study area Aninkainen city block in the city of Turku in southwestern Finland. The oldest building (northern part) is
a nursing home and was built in the 1890s. The Concert Hall (white oval building) and educational buildings (at the eastern part)
from the 1950s will receive new functionalities in the current urban renewal process. Also new buildings are planned.
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planned. Both the city, the companies and the researchers were interested to test how a 3D visual-
ization functions as a background for place-based data collection on people’s preferences in relation
to a real urban planning process.

At the beginning of the survey, the respondents could familiarize themselves with the area in the
3D view. It was also possible to choose a guided fly over the area. The respondents could click on to
see information regarding the different buildings and newly planned buildings to appear in the
view. Subsequently, the respondents were asked to suggest how the area could be developed in
the future by placing point markers on the area (Figure 2). In this mapping task, the respondent
could locate across the case area an unlimited number of point markers that were given on a
pre-defined list of preferred use types including: new service, culture, or artistic experience,
green to the city, new housing solution, accessibility solution, sport and leisure possibility, work-
space, and other idea.

The survey was open in March-April 2021 for anyone (above 15 years old) to respond and adver-
tise in various traditional and social media channels of the city of Turku. Out of the 385 respondents
who started the survey, 35% (n = 135) mapped a total 368 development preferences (map markings
outside the block discarded). These are mostly related to the green structures of the city and cultural
or artistic events (Figure 3).

3.2 Synthetic 3D PPGIS data generation

To expand the collected 3D PPGIS data to cover a wider spatial extent in the city center of Turku,
we used synthetic 3D PPGIS data created using a learning-based algorithm adopted from a previous
study (Hasanzadeh and Fagerholm 2022). This was due to the reason that the data was only avail-
able in one city block and hence exploring macro-scale analytical methods was not possible using
the collected data alone. The algorithm can use multiple sets of data to learn the horizontal and ver-
tical distributions of the learning data in relation to the physical environment, using a digital
elevation model, population density, land use, and building data (Hasanzadeh and Fagerholm
2022). The learning data we used consisted of 368 3D points from the Aninkainen site, as well

5/7: Mité korttelissa
voisi tulevaisuudessa
sijaita?

sy NN

Figure 2. A screen capture from the 3D PPGIS survey. The 3D map view showed terrain, buildings, streets, trees and also the
planned new buildings. The mapping task asked ‘What could be located in this area in the future? and the respondent could
locate different development preferences as point markers in the 3D view.
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Greenness to the city
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New housing type
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Figure 3. Relative share of different development preferences mapped in the 3D PPGIS survey across the Aninkainen area.

as 2270 2D points with only X and Y coordinates (Figure 4). The two datasets were collected from
the city of Turku, but on different occasions and as part of different projects. The sizes of the data-
sets in this case were arbitrary and based on the availability of the data.
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4. Results and analysis
4.1 Geospatial metrics for 3D PPGIS data

We propose several spatial analytical metrics that can be useful for analyzing 3D PPGIS data. The
analytical methods proposed in this section are divided into two categories: macro- and micro-scale
analysis. Macro-scale analytical approaches aim to provide an overall understanding of the data,
whereas micro-scale methods are more suitable for diving into smaller areas of interest. Certain
metrics can be applied to both the scales. In addition, the metrics can be categorized based on
whether they address the distribution, diversity, or shape of 3D PPGIS data. Table 1 provides a sum-
mary of the analytical framework and proposed metrics. They are described in more detail in the
following sections. Examples of the outputs are shown in Figure 5.

4.1.1 Metrics for macro-scale analysis

Macro-scale analytical approaches aim to provide an overview of the 3D PPGIS data throughout a
desired study area. These approaches were chosen to provide an overall understanding of the data as
a whole and help identify potential areas of interest. This group of analytical approaches is appli-
cable when data are collected from a large area such as a city or region. When a particular block or
smaller area is the focus of data collection, this step can be skipped, and the analysis can begin at the
micro-scale. Below, we discuss the macro-scale metrics in more detail.

Feature count. This simple measure counts the number of features as a whole, or filtered and
queried based on criteria, per each 2D or 3D spatial unit of analysis. This can be implemented
using a spatial join and various map overlay tools. The feature count provides an overall under-
standing of the data distribution and helps identify the units with the highest number of mapping
points. If the units vary significantly in an area, normalization of the values using the unit area is
recommended.

Vertical diversity. This is calculated as the standard deviation of the altitudes of the points
overlapping a block divided by the total height of the building. The metric can show which build-
ings/blocks are potentially interesting to study in terms of vertical variations in markings. Alter-
natively, the standard deviation can be replaced with other descriptive and summary statistics of
interest.

Vertical divergence. This can help identify areas with significant altitude differences between the
PPGIS markings and terrain. These metrics can be applied by performing simple algebraic oper-
ations on raster files. First, a uniform surface is created based on 3D PPGIS data using an interp-
olation method such as inverse distance weighting (IDW). Next, the interpolation raster was
subtracted from the elevation model to identify areas of significant positive and negative diver-
gences. Alternatively, if the mapped phenomenon is not spatially correlated, a similar operation
can be performed using the points or centroid of the clusters. The output can be complemented
by reclassification and data visualization to improve the clarity of the results.

Volume ratio. This can provide a relative measure of the overall extent of markings in volume
relative to the volume of the spatial unit or block. The volume of an object or group of features can
be determined by applying a minimum concave volume to a given set of points. This divided by the
volume of the block provides a size-adjusted measure suitable for macro-scale visualization and
comparison. For a more robust analysis, alternative methods such as a 3D kernel cluster in voxel
format can be used to delineate 3D volumes.

Classified volume ratio. This is similar to the ratio measure, in which the input features are
classified by category or value. This metric helps to measure and compare the extent and distri-
bution of features per category on a macro-level.

Classified vertical diversity (height-adjusted). This is the standard deviation of the height per
type divided by the building height. This metric helps to identify marking types with the highest or
lowest vertical diversities at the macro-scale.



Table 1. Analytical framework: Macro and micro-scale analytical metrics for 3D PPGIS data.

Required data (V= vector data, ®=raster

Scale Category Metric Usage area Questions to ask from the data data)
Macro Distribution Feature count Built up areas How is the data distributed across study area? Spatial enumeration unit (e.g. block,
Where do we have high and low concentration of data? building footprint)
Distribution Vertical diversity Built up areas How is the data distributed per altitude? Where can areas  Spatial enumeration unit (e.g. block,
with interesting vertical variations be identified? building footprint) V 3D PPGIS data ¥
Distribution Classified vertical diversity (height- Built up areas Which marking types have the highest and lowest altitude  Building heights, 3D PPGIS data ¥
adjusted) variations?
Distribution Vertical divergence Unbuilt areas Where are areas of significant altitude difference between  LiDAR or DEMR, 3D PPGIS data"
PPGIS mappings and the terrain?
Distribution Volume ratio Built up areas What are the 3D extents of markings per unit? (For example 3D enumeration unit or footprint with
per building or block) height information ¥, 3D PPGIS data ¥
Distribution Classified volume ratio Built up areas Measure the 3D extents markings per unit per marking type 3D enumeration unit or footprint with
height information ¥, 3D PPGIS data ¥
Diversity Type density Built up areas Allows comparing the relative frequency of a certain 3D enumeration unit or footprint with
marking type across enumeration units height information Y, PPGIS data V
Diversity Volume richness density Built up areas Determines the diversity of marking types 3D enumeration unit or footprint with
height information ¥, 3D PPGIS data ¥
Micro Distribution Classified vertical diversity Built up areas Which marking types have the highest and lowest altitude 3D PPGIS data "
variations in a specific area?
Distribution Average PPGIS marking type height  Built up and Which marking types are placed close to ground? Elevation data * Y, 3D PPGIS data ¥
from ground unbuilt areas Which marking types are further from the ground?
Shape 3D pattern index (3DPI) Built up and What form of an object do the markings refer to? (Wall, 3D PPGIS data ¥
unbuilt areas surface, mass)
Measurement  Volume weighted average Built up and What is the mean value of the numeric variable X in based 3D PPGIS data "
unbuilt areas on volume of markings?
Measurement  Volume overlap Built up and Do the mapped 3D volumes of different type overlap? 3D PPGIS data ¥
unbuilt areas
Distribution Floor estimation Built up areas On which floor of a building is the marking located? Building footprint ¥, building height, floor
height (or average)
Macro- Measurement  Largest class by volume Built up and What is the dominant marking type by volume in the given  Spatial enumeration unit (e.g. block,
Micro unbuilt areas unit? (e.g. in the building) building footprint) ¥,3D PPGIS data ¥
Diversity Shannon'’s diversity volume index Built up and How diverse are the marking types based on volumes? 3D PPGIS data ¥
(Kedron, Zhao, and Frazier 2019) unbuilt areas
Shape Surface to volume ratio (SA:V) Built up and What is the overall shape of the 3D mapped marking like? 3D PPGIS data "

unbuilt areas
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Figure 5. Exemplary outputs from some of the macro and micro scale metrics calculated with 3D PPGIS data.

Type density. This measures the relative density of the PPGIS marking type per enumeration
unit volume in 1000 m> (Brown and Reed 2012)

CDi—ZPi

ml
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where p; is the number of markings in marking type i, and ml (megaliter) is the volume of the spatial
unit in 1000 m”.

Volume richness density. Number of different object classes divided by the 3D spatial unit’s
volume, for example, a building’s volume, in 1000 m?>. The object class refers to spatial clusters
of markings, 3D objects, or marking types.

4.1.2 Metrics for Micro scale analysis

Micro-scale analytical approaches aim to provide a detailed view of 3D PPGIS data in a small
spatially limited area. For example, such methods can be used to study a specific park, shopping
mall, or any other public space to evaluate people’s perceptions of the spaces in a 3D and more
refined manner. Below, we describe the metrics of this category in more detail.

Classified vertical diversity. This is the standard deviation of the heights for each marking type.
This metric is not adjusted by the height of the building and thus would be suitable for the com-
parison of marking types on a micro-scale and within the same enumeration unit or across multiple
units with similar heights.

Average PPGIS marking type height from ground. This measures the relative average height of
the PPGIS marking type from the ground. This can be measured by subtracting the Z-coordinate of
the feature from the ground-level altitude.

Floor estimator. This simple index can be used to vertically locate the mapped PPGIS markings
in a building. This can be useful prior to data classification and for a more in-depth study of the
different floors in a building. The floor for point can be estimated as follows.

Zi— 7
f= P

where f; is an integer representing the estimated floor for feature i, Z; is the absolute altitude of fea-
ture i, Z, is the ground-level elevation at location i, and H is the average floor height of the building.

3D pattern index (3DPI). This index uses the ratio of the object’s squared height (H?) to the
floor area (A) to help identify three types of patterns in the PPGIS marking clusters: surface,
wall, and mass patterns. Mathematically, 3DPI can be formulated as follows:

H2
3DPI = —
A

Where H is the height of the object and A is the area of the bottom surface of the object. For a wider
range of applications, A can be calculated as the area of the vertical shadow of an object.

A surface pattern indicates that a cluster of features forms a relatively thin, flat, and horizontal
surface, as reflected by a low 3DPI value (close to zero). The wall pattern has a relatively flat vertical
structure with a high 3DPI (>1). A mass pattern indicates that an object is relatively balanced in
terms of dimensions, resulting in a 3DPI value of approximately 1.

The 3DPI results should be interpreted with caution, and the classification of output values
should be made in accordance with real-life objects that are relevant to the study site. For
example, a cube yields a 3DPI value of 1 whereas a perfect sphere has a value of 1.27. Furthermore,
this metric will not be able to correctly identify oblique surfaces. However, this may not be an
issue, as such surfaces are highly unlikely to manifest in the data, as such structures are rare in
physical space.

Volume weighted average. Sum of all object volumes in a PPGIS marking type (e.g. minimum
concave volume) with a quantitative attribute (e.g. a Likert scale) divided by the total volume of the
object. The objects can be the product of a clustering analysis or pattern recognition process.

Volume overlap. A 3D overlap between the volumes of different marking clusters or types can
provide a 3D overview of where different marking clusters or types coincide in a 3D space. The out-
put can be evaluated visually or quantitatively.
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4.1.3 Metrics for macro/micro analysis
Some metrics can be used at both the macro- and micro-scales. The metrics are described in the
following section.

Shannon’s diversity volume index. This Shannon diversity index is calculated using the
volume-based proportional abundance of each mapping category (Kedron, Zhao, and Frazier
2019). This measure can be calculated at different scales, making it suitable for analysis at both
macro and micro-scales. This index can be calculated as follows:

H=— ZV,‘* In (Vi)

where v; is the proportion of the volume of category i that points to the total volume of all
categories.

Surface to volume ratio (SA:V). This is a well-known geometric measure that can capture the
overall shape of a 3D object (Torabi Moghadam et al. 2018). It can be applied at various scales and
on different sets of features (classified or unclassified), making it a suitable shape recognition
measure for both macro- and micro-scale analyses.

Largest class by volume. This can be useful at both the macro and micro-scales to evaluate the
geographically dominant marking type in a given area.

Figure 5 illustrates the outputs from some of the metrics described above for Aninkainen and
synthetic data.

4.2 The Aninkainen case

In the Aninkainen case, 368 place markings provided by 135 respondents were considered for
further analysis (Figure 6). As Aninkainen is only one block, only micro-scale metrics were appli-
cable to the data. Hence, synthetic data were not included in the analyses below. The standard devi-
ation of the marking heights was 6.1 meters which is a considerable amount relative to the 13.1
meters average height of the building. The markings were allocated to eight categories (Figure 5)
by the respondents, resulting in a volume richness density of 0.07 and a Shannon’s diversity volume
index of 2.39, which is comparable to the diversity found in a dataset with approximately 11 equally
populated classes (Brown, Weber, and de Bie 2015). There is some variation between the different
marking types in terms of vertical diversity, calculated as the standard deviation of the Z-coordi-
nate. On average, markings related to green areas and barriers were marked closest to the ground
surface, whereas markings in the categories of culture, new housing, and work had the highest aver-
age elevation among marking classes.

Within the building, a total volume of 295.7 m® was marked by the participants across all eight
marking types, accounting for approximately 2.7% of building’s total volume. The total volume was
measured as the total volume of the minimum bounding volume of the points located within the
building. Figure 7A illustrates the volume of markings in each category. The categories were
obtained straightly from the survey. Exercise and culture were the first and second largest marking
types by volume, respectively, whereas the accessibility type had the smallest volume ratio. At the
same time, the type density metric yielded the highest value for the culture category, followed by the
exercise category, while it was the smallest for the barrier category (Figure 7B).

We identified eight distinct spatial clusters within the Aninkainen block using k-means clus-
tering aided by visual analysis. We investigated the 3D shapes of these eight clusters using SA:V
and 3DPI indices. As illustrated in Figure 8A, the shapes of these clusters varied considerably
according to the SA:V measure. Furthermore, the 3DPI metric could identify the three object
classes of Wall, Surface, and Mass within these clusters (Figure 8B). Three of the clusters yielded
a 3DPI value of less than one, suggesting a relatively flat surface pattern. The two clusters yielded a
3DPI value close to 1, suggesting a mass object. Three clusters with values greater than 1 were
identified as vertical objects.
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Figure 6. Application of 3D PPGIS metrics in Aninkainen study area: (A) Vertical diversity expressed as the deviation of mean Z for
points within the building, (B) An overview of markings within the block area, and (C) Average heights per marking type and
classified vertical diversity

6. Discussion

Cities are increasingly moving toward 3D geospatial data acquisition and usage (Jaalama et al. 2021;
Julin et al. 2018). Interest in 3D geospatial data will inevitably reach the PPGIS field. This is not only
the result of the hype around the use of these new technological possibilities in data collection
through 3D geovisualizations but will also be derived by modern society, which is increasingly
developing a visual culture (Billger, Thuvander, and Wistberg 2017; Herbert and Chen 2015). It
is easy to envision future studies using emerging 3D tools and applications to create various
implementations of 3D virtual landscapes that can act as PPGIS data-collection platforms with
increased usability and efficiency. The question of whether these will result in more intuitive parti-
cipatory processes, better citizen involvement in planning and design, or what the implications of
3D participatory platforms are on the quality of data will certainly require future scrutiny and inves-
tigation. Nonetheless, we foresee that with advancements in 3D mapping methods, we will see more
examples of 3D PPGIS implementation, and therefore, an analytical preparation for making use of
such data is imperative.

Motivated by this emerging need, in this study, we proposed a methodological framework com-
prising multiple geospatial metrics to analyze 3D PPGIS data. The metrics used in this study include
adaptations of well-known 2D landscape metrics, as well as new metrics based on geometric
measurements. We argue that the use of simple metrics for analyzing 3D PPGIS data is a good
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starting point for further development of PPGIS in its current form. This is because of several
reasons. First, PPGIS data are collected from samples of typically tens or hundreds of individ-
uals, and even with the most devoted participants, the density of output 3D PPGIS spatial
data, even with the most devoted participants, may not be comparable to some conventional
3D GIS data. Additionally, the quality of user-generated data can be variable depending on
the participants and survey implementation (Hasanzadeh 2021). Therefore, PPGIS data in its
current form cannot benefit from sophisticated 3D data analysis methods such as those originat-
ing from machine-learning and AI studies. However, this does not mean that PPGIS data,
whether in 2D or 3D, cannot be reliably analyzed using geospatial methods. In contrast,
PPGIS data have been widely analyzed in various ways (see review by Fagerholm et al. 2021),
including advanced modelling (Hasanzadeh, Laatikainen, and Kyttd 2018; Samuelsson et al.
2018; Sherrouse, Semmens, and Clement 2014). However, as previously discussed in the litera-
ture, certain analytical operations on PPGIS data may require special consideration of the geos-
patial characteristics of this type of data to produce reliable results (Hasanzadeh 2021; Brown,
Weber, and de Bie 2015).

In addition to this methodological point, there is a more practical reason why the use of
geospatial metrics is a promising starting point for the analysis of 3D PPGIS data. PPGIS is
a highly multidisciplinary tool, and its application ranges from protected area management
and ecosystem service assessment all the way to transportation engineering and urban plan-
ning, and it is realized not only by academics but also by practitioners. This means that, in
practice, an analytical framework needs to be simple, practical, and informative to be widely
noticed and adopted. The existence of an analytical gap among users of PPGIS data has
been acknowledged by researchers. Consequently, a growing body of literature has been dedi-
cated to the development of practical tools and methodologies for the analysis of PPGIS data
(Burnett 2023; Hasanzadeh 2018; Van Berkel et al. 2023). Aligned with the aforementioned
research trajectory that seeks to enhance the analytical accessibility of PPGIS, we have put
forth the proposition of utilizing metrics as an initial framework for the analysis of 3D
PPGIS data. The extensive utilization of metrics in various scientific disciplines serves as a
valuable approach to facilitate a comprehensive and quantitatively informed comprehension
of complex concepts. Accordingly, the application of metrics holds significant potential in aid-
ing the emerging field of 3D PPGIS.

The data for this study were collected from a city block in Turku, Aninkainen. This was the
first attempt to collect 3D PPGIS data; hence, the platform and tools used can be improved.
Nevertheless, the markings provided by the participants showed considerable diversity in height
across different categories. More specifically, the volumes of marking and vertical distributions
were considerably different across multiple marking types, suggesting that participants
employed 3D marking functionality to express their various experiences and ideas. Participants
made markings in eight different categories, the total volume of which equaled approximately
3% of the total Aninkainen building volume. Exercise and culture were the first and second lar-
gest marking types by volume, respectively, whereas the barriers category had the smallest
volume ratio. In the exercise and culture category, a high volume ratio suggests that participants
did not provide detailed specifications regarding the placement of markings. Conversely, in the
barrier category, markings were positioned relatively close to each other, resulting in a smaller
overall bounding volume. At the same time, the type density metric yielded the highest value for
the cultural and artistic category, followed by the sports and leisure categories, while it was smal-
lest for the accessibility category. This indicates that culture and exercise were the most domi-
nant marking types, both in terms of overall volume and relative count in the Aninkainen block.
Using the 3D approach, we identified eight distinct clusters within the Aninkainen block. The
SA:V and 3DPI metrics showed that the shapes of the clusters varied considerably. Three clusters
were identified as relatively flat surfaces, two as mass objects, and three as vertical objects or
walls.
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6.1 Contributions, limitations, and future research

This study took a novel methodological step and introduced an analytical framework based on sev-
eral geospatial metrics to study 3D PPGIS data. Considering that 3D PPGIS is still in its infancy, this
methodological step is useful for the analysis of such data and encourages scholarly interest. The
classification of methods into two groups of macro- and micro-scales based on the spatial scale
of analysis makes this analytical approach more accessible for a wide range of use cases. These
methods can be used to explore and explain the PPGIS data. In other words, using these metrics,
data characteristics, such as spatial pattern and distribution, can be explored both independently
and in relation to other geospatial data sources (Fagerholm et al. 2021).

The developed metrics were implemented on a relatively small 3D PPGIS dataset collected from
the Aninkainen block in the city of Turku. The aim of this study was to demonstrate the usability of
these metrics. However, the data had limitations and a thorough empirical examination was outside
the scope of this study. A future study is required to address this limitation by conducting a wider
empirical study using these 3D metrics and investigating their associations with other physical
structural characteristics. Further, we envision future research to expand the current list of metrics
and help test and improve existing ones. This is particularly important because the use of metrics
can be context- and content-specific, and a wider range of metrics available for studying 3D PPGIS
studies would help to grow its relevance for a wider range of applications.

The utilization of 3D PPGIS holds great promise for urban research. However, when considering
a city like Turku, which predominantly features relatively low buildings, its potential might not be
fully realized. This is a limitation of this study that needs to be addressed in future studies. To truly
showcase the capabilities and relevance of this approach, it would be advantageous to employ better
data and a more suitable context, for example a city such as Singapore, where high-rise buildings
form a significant portion of the urban landscape. By conducting studies in such locations, research-
ers can delve deeper into how these metrics can contribute to the comprehension of experiential
geodata collected in a 3D format. This will facilitate a more comprehensive understanding of
urban dynamics and pave the way for future studies to better demonstrate how these metrics
can contribute to interpreting and utilizing 3D PPGIS data.
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