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!!
ABSTRACT!
This paper aims to explore the perceptual recognition of topographical building patterns 
from real-world OpenStreetMap data on virtual globes. An implementation was developed 
in which all geographical and contextual information was layered and, for the purpose of 
this study, what solely remained were building patterns as viewed from above. This was 
developed as a module for the planetarium visualization software Uniview. The aim was to 
determine how cities with different building patterns were perceived by participants in 
terms of size, scale, and building density. This was measured as the comparative 
difference between city pairs, that is, how much they differed in the percentage of the area 
that they covered. Two quantitative studies were conducted, one smaller controlled study 
with 19 participants and one larger online crowd-sourced study with 72 participants. The 
results show that participants are generally able to discern building patterns when the 
comparative difference is greater than a certain critical threshold. This critical threshold 
was determined to be at approximately 0.5% for both studies and for accuracy levels 
above 60%. Thus it was concluded that below this critical threshold users should be 
provided with visual feedback or other means of identifiers in order to allow for definite 
recognition, depending on what kind of information a certain type of visualization is trying 
to convey.!!
!
SAMMANFATTNING!
Den här rapporten avser att utforska den perpetuella igenkänningen av topografiska 
byggnadsmönster genom att använda geografisk data från OpenStreetMap som avbildas 
på virtuella sfärer. En implementation utvecklades där geografisk data samt kontextuell 
information ordnades i överlappande lager som filtrerades, och där endast 
byggnadsmönster sett från ovan kvarstod. Denna modul utvecklades för Uniview som är 
en mjukvara för visualisering i planetarier. Målet var att avgöra hur deltagare uppfattade 
städer med olika byggnadsmönster med hänsyn till storlek, skala, samt byggnadsdensitet. 
Detta mättes genom den procentuella skillnaden mellan städer, dvs. skillnaden i procent 
för varje stads geografiska utsträckning. Två kvantitativa studier utfördes, en mindre 
kontrollerad studie med 19 deltagare samt en större nätbaserad studie med 72 deltagare. 
Resultatet visar att deltagare generellt kunde bedöma den procentuella skillnaden i 
byggnadsmönster upp till en viss kritisk gräns. Denna kritiska gräns fastställdes till runt 
0.5% för båda studier och för noggrannhetsnivåer över 60%. Slutsatsen från detta är att 
användare bör ges visuella indikatorer för nivåer under denna kritiska gräns för att 
säkerställa definitiv igenkänning beroende på vilken information som skall förmedlas i en 
viss typ av visualisering.  !!!
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ABSTRACT
This paper aims to explore the perceptual recognition of topo-
graphical building patterns from real-world OpenStreetMap
data on virtual globes. An implementation was developed in
which all geographical and contextual information was layered
and, for the purpose of this study, what solely remained were
building patterns as viewed from above. This was developed as
a module for the planetarium visualization software Uniview.
The aim was to determine how cities with different building
patterns were perceived by participants in terms of size, scale,
and building density. This was measured as the comparative
difference between city pairs, that is, how much they differed
in the percentage of the area that they covered. Two quanti-
tative studies were conducted, one smaller controlled study
with 19 participants and one larger online crowd-sourced study
with 72 participants. The results show that participants are
generally able to discern building patterns when the compara-
tive difference is greater than a certain critical threshold. This
critical threshold was determined to be at approximately 0.5%
for both studies and for accuracy levels above 60%. Thus it
was concluded that below this critical threshold users should
be provided with visual feedback or other means of identifiers
in order to allow for definite recognition, depending on what
kind of information a certain type of visualization is trying to
convey.

Author Keywords
Visualization; OpenStreetMap; Buildings; Topography;
Geospatial Data; GIS Data; Virtual Globe; Patterns;
Recognition; Visual Perception.

INTRODUCTION
There are many factors to take into consideration when visual-
izing cities from high altitudes and how to represent infrastruc-
ture for different kinds of purposes depending on what type of
visualization it is. This is especially true when trying to con-
vey a certain type of geospatial information associated with a
certain geographical location, such as different kinds of cities
with varying densities of buildings. Some of these factors
to consider can be associative properties such as size, scale,
density, boundaries, and population. For virtual 3D globes,
this becomes more intricate with another added dimension
which alters the representation and thus becomes a deciding

factor to consider. This paper aims to explore this kind of vi-
sualization of cities on virtual globes while focusing primarily
on the buildings of cities with different kinds of properties and
characteristics, that is, mainly building patterns [18].

To make this assessment feasible and to apply a structured
methodology, the problem will be abstracted to a perceptual
recognition problem dealing with building patterns and densi-
ties. The terminology and methodology that will be utilized
will cover similar related work that has been previously con-
ducted [6].

Previous work which sets the scientific foundation for graphi-
cal methods and representation such as that by Cleveland et
al. [6] has been conducted only on abstract graphical forms
of representation. However, this paper will build upon that by
investigating how patterns with urban structure are perceived
[6][7].

Figure 1: A view of the implementation developed for this
paper and applied to the Uniview visualization software by
SCISS. The implementation shows all the buildings in Sweden
highlighted in red on a virtual globe.

Planetarium visualization
SCISS (Scientific Content for Interactive Systems Sweden) is
a company that specializes in developing planetarium visual-
ization software and provides complete dome theater solutions.
The SCISS developed Uniview planetarium visualization soft-
ware is used in many dome theaters around the world and
the software itself can be configured to show the audience
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specific kinds of information. The primary usage of this kind
of software deals with visualizing the cosmos, with detailed
views of the planets and the solar system. But when it comes
to a closer look at the cities on Earth, the visualization is more
limited since it is not the primary focus of the visualization
software. In order to represent cities across the globe in a
meaningful manner to facilitate the viewing experience, the
metrics of the visualization of cities and buildings need to
be considered in this context. Because of the configurable
nature of planetarium visualization software (and essentially
any other type of topographic visualization of this kind), it is
of interest to determine the perceptual capacity of the target
audience and to apply the findings to improve the visualization.
This can be done in regards to each specific aim of what type
of information the planetarium operator is trying to convey.
Depending on the scenario, a certain type of quantitative infor-
mation can be perceived and extracted by the audience from a
topographical view of building patterns and densities. Because
all the data is available, the visualization can be tailored to
facilitate a certain condition or goal that the operator has in
mind. This, in a sense, is the overall idea of this research
paper. That is, to seek to establish how participants estimate
topographic building patterns and how the information gained
from this can be utilized to improve the overall visualization
depending on the condition and purpose of a specific type of
visualization [30, p. 3].

Research question and delimitation
Since this paper will be dealing with topographical building
patterns, the primary focus will be on structures only. Other
forms of topographical map features will be discarded and
filtered so that the only component that remains is building
data. This will also serve to remove any additional variables
that could affect the outcome of the evaluations. There are two
key variables that will be examined in the study. The first one
is the comparative difference in percentage between two cities
as measured by their topographical pixel coverage. What this
means is that this metric will be calculated for each city, and
then the difference between each city pair will be calculated
as the comparative difference in percentage. This is basically
a measure of how similar two cities are. Another goal of
this study is to measure the percentage of accuracy levels as
estimated by the participants between city pairs with different
properties. This is basically how well participants are able to
judge and estimate the relative size between two cities. These
city pair properties will be classified and organized according
to predesignated difficulty levels. The goal of these difficulty
levels will be to test certain characteristics between different
cities. The reason for investigating these variables is to test
the perception of the participants in order to better emulate
recognition with algorithms [33]. Thus the research question
will aim to investigate the following:

What is the perceptual recognition capacity of the participants
for estimating topographical building patterns as measured
by comparative stimulus-response?

The main research question thus deals with the ability of par-
ticipants to estimate topographical building patterns from the
visualization.

As a delimitation, only a certain set of properties for the build-
ing patterns will be considered for the evaluation. These prop-
erties will involve the size, scale, and building pattern density.
The reason for only considering these three characteristics is
not only to limit the selection and variables but also because
they were deemed to be some key aspects that were relevant
for this kind of visualization [21].

As stated, the two outcomes of this study will aim to answer
the general research question. The first one is the comparative
difference in percentage between each city pair, and this cu-
mulative data will then define the critical threshold for all the
various city types that will be studied. The second outcome
will be to define the accuracy level of user estimations for
various types of cities with alternating properties. Note that
the comparative difference in percentage between each city
pair is defined as the area coverage of each city in percentage.
If the area coverage between two cities differed by a large
margin, the comparative difference was also larger. And if the
difference in area coverage was small, so too was the compar-
ative difference. This will essentially serve as a measure of
how similar two cities are.

BACKGROUND
In this section, theories, formulations, and related work will
be presented for the implementation and the studies.

Related work
When it comes to graphical perception theory, there have been
attempts to lay a scientific foundation and theory which has
yielded a solid framework to approach these kinds of prob-
lems [6][7]. But experiments conducted on these graphical
perception problems have been targeted towards questions of
a more abstract nature. More specifically, this has dealt with
ordinary graphs and the quantitative information that users
can extract from them. However, maps and geographical rep-
resentations have only been one subset of this field, yet this
has been structured towards more highlighted information fea-
tures such as shaded maps [6]. Thus, the basic geometrical
concepts and their representation have been the main focus
while work on real word geographical shapes pertaining to
perception, such as building patterns and geospatial data, is
often geared towards one area only. This is one of the aims
of this paper which will attempt to address this by combining
both building patterns and topographic building features of
various kinds from a real-world data set. These types of core
building patterns and their corresponding properties will be
somewhat similar to what has previously been investigated
by Zhang et al. [33] in their research regarding collinear and
curvilinear alignments of topographic building patterns.

The process of doing this will be to break down the problem
into simple forms and building patterns to make it compatible
and comparable with previous graphical perception theory and
research [6]. This is done by stripping all superfluous ele-
ments, such as all details of geographical context that do not
involve buildings or building patterns. Thus, what will remain
are buildings and building patterns only. Another justification
for this kind of approach is that this will make it more unlikely
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that the participants will recognize the overhead view of cer-
tain cities or natural boundaries, which might skew the data
in the perceptual evaluation. And finally, a similar approach
has been conducted in previous studies and experiments con-
cerning graphical perception theory [33]. Thus, the goal of
this approach is to eliminate unrelated visual information and
isolate test variables that deal with quantitative user perception
and recognition. In a study conducted by Cleveland et al. [6]
a similar approach was taken but with shaded maps.

In the work of Zhang et al. [33], the primary focus is on an
approach that deals with aspects of computational geometry,
graph theory concepts, and theories of visual perception. In
their investigation, it is stated that topographic maps should
be carefully designed in order to allow for a better understand-
ing and interpretation of structural patterns and their different
scales. With that in mind, the method for conducting their
study consisted of algorithms that make generalized models
which are then evaluated through one expert study only. How-
ever, the approach that will be taken in this paper will deal
with various kinds of actual real-world building patterns which
will then be evaluated with a large number of participants to
better reflect real-world conditions.

As for the matter of the different types of building patterns and
configurations, Zhang et al. [33] propose the use of associa-
tions fields as defined by Field et al. [11] for classifying the
arrangements of building patterns. They state that this because
all the various building features in geospatial data are often
too complex to be described by basic mathematical functions
only. So the proposed recognition rules are used in conjunc-
tion to explain how curvilinear building pattern alignments are
detected by human observers.

Because recognition can be done by either human observers
or algorithms, it is of interest to learn how human observers
recognize and perceive certain patterns in order to better emu-
late this type of recognition with algorithms [33]. The study
conducted in this paper will feature a large group of people to
emulate an audience, as opposed to the single expert partici-
pant in the study by Zhang et al. [33].

Geospatial data
Geospatial data is used in different kinds of Geographical
Information System (GIS) applications [9]. The expression
geospatial is used to denote that the data has some kind of
geographical component designating it to some unique loca-
tion. This can be in the form of coordinates or other types
of location-based identifiers. The geospatial data that will be
utilized in this study consists of nodes with GPS coordinates
embedded into every single node. These properties, along with
others, are often structured in different kinds of information
layers built upon on another [26]. The focus of this paper
will be entirely on a single layer, the layer which deals with
buildings.

OpenStreetMap
OpenStreetMap (OSM) is a crowd-sourced GIS database, an
open map of the world, with an open license which makes it
free to use. OSM allows users from all over the world to col-
laborate and make contributions to the project, thus constantly

expanding the massive data set [16]. It is an example of a
Volunteered Geographic Information (VGI) project [22]. This
ever-expanding OSM dataset makes it ideal for certain types
of GIS applications because of the large number of available
resources that are free to use [4].

Throughout the years, there have been many assessments, eval-
uations, and various studies of all kinds that have explored the
viability, validity, and reliability of OSM data among other
factors [15][13][23][5]. When it comes to the available data
for buildings in OSM there are some things to take into con-
sideration. Since the data is enhanced by user contributions
there will naturally be gaps in many instances which will make
the data insufficient [1]. This inadequacy (and its degree of
deficiency) has been previously studied. In one such study, it
was concluded that the quality of OSM data can vary strongly
depending on the nature of the location [10].

Generally, for larger cities and other densely populated areas,
the data is more complete than for smaller cities and rural areas
[10]. This is also especially true for OSM building data. There
are many different kinds of tags associated with buildings,
however, due to the crowd-sourced nature of the data, these
are often lacking the necessary information. Only a small
number of buildings have this kind of tag data fully available
[14].

Graphical representation and polylines
The graphical representation of buildings in the visualization
will adhere to basic geometrical and mathematical concepts.
First off, buildings in OSM are defined in a simple yet versatile
arrangement. Each building consists of nodes where each node
has a location-based identifier, such as longitude and latitude
coordinates.

A collection of nodes are connected in segments that form a
polyline which in turn can define any type of two-dimensional
geometry since the number of nodes can range from 1 to any
arbitrary size [8]. In a sense, the OSM classification adheres
to the standards set by the Open Geospatial Consortium, in
which these representations are called line strings [19]. The
strength of this concept is its inherent simplicity and flexibility
that still allows for complex structures to take shape.

Figure 2: Polyline representation with a series of connected
nodes. (a) An open loop. (b) A closed loop with the start and
end nodes connected. Figure is from [8, p. 207].
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Positioning buildings
Nodes with position data can be placed on a virtual globe as
can be seen in Figure 3. This shows how the placement of
node markers can be positioned along the surface of a spherical
planet model.

In theory, this model is an abstraction that simplifies the place-
ment of buildings by assuming a fixed radius. However, this is
not a realistic model. It is important to make the distinction
between this generalized model and the more sophisticated
and realistic ellipsoid shaped model that can be seen in Figure
4.

Applying the same node placement function on one model
will yield a different result as compared to the other model
since the nodes will be offset due to the different geometrical
shapes [17].

Since each node has a latitude and longitude component, what
remains is the third coordinate in the 3D space for the spherical
globe. This third coordinate will be determined and affected
by the radius of the globe. However, this only applies to
a spherical globe. In order to place a node on an ellipsoid,
another approach will have to be taken. This is because the
radius of an ellipsoid will differ depending on where on the
surface the node is placed. Near the equator, the radius is
larger and closer to the poles the radius shrinks.

Figure 3: A spherical globe provides a generalization of the
Earth in which GPS coordinates in latitude and longitude can
be placed on the surface of the planet. Figure is from [17].

Parametric equations
In order to solve the problem of placing a node with longitude
and latitude components on an ellipsoid, the parametric equa-
tions of an ellipsoid will have to be utilized. This will provide
with a more realistic model than the simpler spherical model.
However, it is more intricate and some form of transformation
function will have to be applied in order to convert the 2D
GPS coordinates to the right location in 3D space so that a
node is placed on the surface of the planet. The parametric
equations of an ellipsoid are expressed by the equations (1),
(2), and (3). By utilizing these three equations the latitude and
longitude coordinates can be transformed to the corresponding
x, y, and z coordinates of an ellipsoid shaped planet. In this

instance, the values of a, b, and c will together correspond to
the form and shape of a specific ellipsoid [32].

x = a cos(u) sin(v) (1)
y = b sin(u) sin(v) (2)
z = c cos(v) (3)

f or u 2 [0,2p)and v 2 [0,p]

Ellipsoid model
As stated, the ellipsoid virtual globe enables a more realistic
model for the representation. In Figure 4 the model for an
ellipsoid is depicted in which the radius at the equator is largest
and decreases as the position gets closer to the poles. In this
depiction, l denotes the longitude and j denotes the latitude.
The radius is denoted by h as height.

Figure 4: Ellipsoidal coordinates (l , j , h) which correspond
to (longitude, latitude, height). Figure is from [27].

METHOD
In this section, the design of the study will be presented along
with all the considerations for each specific study detail. Other
information regarding the setup of the experiment and the
general procedure of the precursor studies will also be detailed,
such as prerequisites and configurations for setting up the
visualization environment.

Design of the study
Two parallel studies were conducted in order to create a more
extensive perceptual study. One study was conducted in a
controlled environment, while another was conducted with a
much larger participant count. The latter study, however, did
not have any administrative supervision and was conducted
remotely through an online survey. The reason for conduct-
ing this second crowd-sourced study was to collect a larger
subset of data even though the conditions differed for each
user depending on their screen and setup. Still even with these
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limitations, according to Heer et al. [18], this type of evalua-
tion has been proven to be feasible and should provide reliable
results for graphical perception experiments.

Categorization and classification
In order to categorize the data set according to certain criteria
and methodology, data from Statistics Sweden (SCB) was
utilized [28]. The retrieved data listed localities, areas, and
populations for all Swedish urban areas with greater than
200 inhabitants. The data included information on the urban
land area, population, buildings with no registered permanent
inhabitants, and employed day population. Note that an urban
land area is defined as the following by the SCB [28]:

“An urban area has contiguous buildings with no more than
200 meters between houses and at least 200 residents.”

The data was sorted and ordered according to equation (4) for
the first attribute in the selection matrix (the density variable
in Table 1) and for the second attribute it was sorted based on
city population size (the difficulty level variable in Table 1).

Density =
Population

Area
(4)

As de f ined by
✓

Number o f people
km2

◆

The selection process consisted of selecting cities categorized
from the selection matrix (Table 1). Some cases had to be
discarded because of insufficient data for smaller cities and
because of lack of variation for the largest cities. Finally, city
pairs were ordered so that they adhered to the three difficulty
levels for each category in the classification matrix (Table 2).

Population size

10k 25k 50k 100k

Low density, Easy A1 A2 A3 A4

High density, Easy B1 B2 B3 B4

Low density, Medium C1 C2 C3 C4

High density, Medium D1 D2 D3 D4

Low density, Hard E1 E2 E3 E4

High density, Hard F1 F2 F3 F4

Table 1: The selection matrix shows all the available cases
that can be tested based on the data acquired from Statistics
Sweden. The data is arranged in the different classes based
on the predefined conditions that were set when the data was
sorted.

Calculation of the comparative percentage
The difficulty level is based on how large the variation is be-
tween two cities, that is, the number of buildings and spread

over a geographical area. The variation difficulty D was cal-
culated for each city pair by using the following formula in
equation (5).

DD = |A%�B%| (5)

As de f ined by

(
A = First city
B = Second city

This comparative difference in percentage was calculated in
Matlab. This was done by calculating the black & white pixel
ratio in the topographical image of each city. The equation (5)
was then used to finalize the calculation. Equation (5) is thus
used to denote the hypothesized or expected difficulty between
cities. Based on this value from equation (5), the cities are
categorized in the three difficulty levels that are described in
this paper.

Density Population Easy Medium Hard

Low Varied A1 A2 A3

High Varied A1 A2 A3

Varied 10k A1 A2 A3

Varied 25k A1 A2 A3

Varied 50k A1 A2 A3

Varied 100k A1 A2 A3

Table 2: The classification matrix shows the different test
cases that were used for the main study. Each city pair had
one fixed variable (density or population) and one variable
that varied based on the three difficulty levels.

Difficulty levels
Three difficulty levels were defined for the study. These were
designated as easy, medium, and hard. Each difficulty level
was based on the city pair pixel percentage difference as de-
fined by equation (5), that is, the comparative difference in
percentage. Since each city of a certain city-pair consisted of
the same amount of pixels but with a difference in how much
it covered, the difference varied for different cases. These
cases ranged from differences of 0.5% all the way up to a little
above 2%. If the difference was very large (as high as 2%),
the case was categorized and placed in the easy difficulty level.
A large difference meant that it should theoretically be easy
for participants to discern the difference between two cities.

But if the difference was very small (as low as 0.5%), the
case was categorized and placed in the hard difficulty level.
This meant that the two cities were very similar in terms of
size, scale, and building density. This small difference and
similarity meant that it should theoretically be very difficult for
the participants to discern the difference between two cities.
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Finally, a middle ground case was also introduced. This was
the medium difficulty. In this difficulty level, the difference
ranged in cases between easy and hard, that is, somewhere
between 0.5% and 2% depending on the specific case. This
meant that, theoretically, the challenge of discerning differ-
ences between two cities is more balanced, neither hard nor
easy.

Data verification
As previously stated, OSM data relies heavily on the com-
munity and user contributions for many of its submissions.
Because of this, there can be gaps in the data, especially for
smaller cities and sparsely populated areas [14]. To make sure
that a sufficient amount of building data was available and to
verify it, Overpass API through Overpass Turbo [24] was used
to run queries on each location, and this was cross-referenced
with the number of nodes in each geographical area of interest.
If the discrepancy was too large, another city was selected
from the data set that matched most of the properties of the
previously discarded selection.

Figure 5: A view of the Overpass API running a query through
the Overpass Turbo service which shows a collection of build-
ing nodes for a certain geographical area. Captured from [24].

Previous studies suggest that there is a general trend when
it comes to the completeness of OSM data [14]. This trend
indicates that the data is most complete closer to the city center,
but as you move away from the city core the completeness of
the data diminishes [14]. This is particularly noticeable for
smaller cities and rural regions where data is often severely
lacking.

Procedure
The visualization procedure involved several crucial steps.
Since this visualization covered all of the buildings in Sweden,
only a subset of the entire OSM data was required. This data
was procured from Geofabrik [12] which offers raw OSM data
that is organized based on geographical regions and locations.
The data was filtered using osm-filter [31] and osmium-tool
[29]. This allowed the data associated with buildings to be

extracted while the rest of the non-building nodes were dis-
carded. For the whole country of Sweden, the building data
consisted of roughly 12 million nodes. The processing and
drawing steps of these 12 million nodes were completed in 26
seconds with the implementation that was developed for this
paper. Figure 6 shows the topographical building patterns for
a small sample area visualized using this method.

Figure 6: The structural footprint of a city section depicting
the topographical building patterns. This example shows the
central city district area and its surroundings of the Swedish
city Uppsala.

Initial pilot studies
Three very small and limited initial pilot studies were con-
ducted on different screen types and configurations as precur-
sors for the main study. The primary objectives of these pilot
studies were to refine the two main studies and to determine
their feasibility. Different metrics and variables were scruti-
nized for this purpose. Ultimately, these factors were adjusted
based on the feedback and what the participants perceived
to be crucial which eventually amended the subsequent user
studies. Other factors, such as color selection among other
variables [2], were determined and influenced by previous
research conducted in this area [25][3][20]. For the first of the
three pilot studies, a wider and curved screen was used as seen
in Figure 7. The projection was calibrated so that the image
would not be skewed. The purpose of this pilot study was
to test the feasibility of conducting a study on a much larger
screen that would not limit image detail and reduce problems
associated with image granularity. However subsequent tests
revealed that this issue could not be resolved with the specific
screen configuration used in this setup, primarily because of
image resolution issues.

Controlled user study
For the controlled study, there were a total of 19 participants,
14 male, and 5 female. Prior to initiating the experiment,
each participant was offered written instructions and given
the same general information about the test. Each participant
was also allowed to ask any questions about the test format
before commencing. The test then commenced and in every
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Figure 7: A limited pilot study was conducted to ascertain
some test variable metrics and deal with issues associated with
image granularity.

instance, each user was given roughly the same time to finish
it. Participants were instructed to rate the comparative size of
each city pair on a 1-5 Likert scale. After this, each participant
was asked a set of questions pertaining to the test format.

The test was conducted on the same computer using the same
setup. The screen resolution was 1440x900 pixels and the
resolution of the presented images was 1200x800 pixels for
all images. Thus, the same conditions applied to each city
pair and the questions were also randomized. Each city image
was stripped of all geographical features so that only building
patterns remained. This was done initially when the image
was generated as previously described.

Crowd-sourced quantitative study
A crowd-sourced user study with 72 participants was also
conducted. The same metrics and the same configuration still
applied to the larger one. The only difference was that each
user setup differed since the study was done remotely through
a survey. The crowd-sourced study was posted online and was
anonymous.

RESULTS
In this section, the results from the two studies will be pre-
sented along with the outcome of the examined variables of
interest, mainly the comparative difference in percentage. The
results will be structured according to the two studies. The
results that are of interest will be explained more elaborately
and any existing statistical outliers that are due to variability
will be specified in the corresponding tables and graphs.

The results are presented in two sets. The first set will consist
of a classification matrix that will show how accurate the
participants managed to estimate the difference between two
cities, that is, which one that was larger. The second set
will consist of a graph that illustrates the established critical
threshold as obtained from the findings in the classification
matrix.

Controlled study results
The results for the controlled study are presented in Table
3 and Figure 8. Table 3 shows the accuracy levels for user
recognition of building patterns. Figure 8 shows the critical
threshold for the comparative difference in percentage based
on the combined accuracy levels.

Density Population Easy Medium Hard

Low Varied 79% 95% 27%

High Varied 69% 79% 32%

Varied 10k 100% 85% 43%

Varied 25k 69% 95% 53%

Varied 50k 95% 69% 74%

Varied 100k 100% 64% 43%

Average 85% 81% 45%

Table 3: The results for the classification matrix shows the
different test cases for the controlled study, with the color
gradient based on the percentage level. Each city pair had
one fixed variable (density or population) and one variable
that varied based on the difficulty levels. For the calculation,
the Likert scale was dichotomized, with the midpoint
discarded. The values were statistically verified with the
chi-square null hypothesis test at a significance level of 95%.

Figure 8: The part of the graph shaded red shows the critical
threshold interval for the comparative difference in percentage.
Several cases were clustered at this level and the corresponding
accuracy for user estimations. Below the critical threshold,
accuracy drops sharply, while above it there is an increase.

Crowd-sourced study results
The results for the crowd-sourced study are presented in Table
4 and Figure 9. Table 4 shows the accuracy levels for user
recognition of building patterns. Figure 9 shows the critical
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threshold for the comparative difference in percentage based
on the combined accuracy levels.

Density Population Easy Medium Hard

Low Varied 85% 95% 41%

High Varied 78% 89% 32%

Varied 10k 92% 87% 35%

Varied 25k 55% 88% 23%

Varied 50k 87% 52% 67%

Varied 100k 91% 59% 57%

Average 81% 78% 43%

Table 4: The results for the classification matrix shows the
different test cases for the larger crowd-sourced study, with
the color gradient based on the percentage level. Each city
pair had one fixed variable (density or population) and one
variable that varied based on the three difficulty levels. The
calculation for the Likert scale was dichotomized, with the
midpoint discarded. The values were statistically verified
with the chi-square null hypothesis test at a significance
level of 95%.

Figure 9: The part of the graph shaded red shows the critical
threshold interval for the comparative difference in percentage.
Several cases were clustered at this level near the threshold
with its corresponding accuracy level for user estimations.
Below the critical threshold, accuracy drops sharply while
above it there is an increase.

DISCUSSION
In this section, the findings from both studies that have been
presented in the results section will be discussed, along with
any notable observations of interest for the different test cases.

Establishing the critical threshold
One of the primary objectives of this study was finding the
comparative difference in percentage between the building
patterns for two different cities of similar properties. This
comparative difference is expressed in the difference in the
percentage of the topographical pixel coverage encompassing
all the building structures and patterns of a certain city. This
is basically a measure of how similar two cities are (larger
percentage means larger difference, and vice versa).

As can be seen in Figure 8, this critical threshold was observed
to be within 0.5%±0.05% for the controlled study. For the
crowd-sourced study, a similar critical threshold was observed
around 0.5%, with a slightly larger upper interval value closer
to 0.7% as can be seen in Figure 9.

This wider range with an estimation accuracy of around 60%
for the crowd-sourced study could also be attributed to the
much larger sample size, which yielded values conforming
more closely to the mean value. For the controlled study, the
accuracy was within the same range but roughly 10% higher
at around 70%. Given a larger sample size, it is likely that
this value would drift down closer to 60% just like the crowd-
sourced study.

This discrepancy, albeit quite small, can possibly be attributed
to the variation between the two studies. This variation can be
due to either the setup deviation or deviation in the sample size.
Even with this in mind, because it is so small, the threshold is
still within the same proximity for both studies.

As for values below the threshold, the comparative building
cluster patterns become increasingly difficult to estimate be-
tween one another when the deviation in percentage decreases.
For values below an accuracy level of 60% for the threshold
of 0.5%±0.05% participant estimations appear to be almost
random as the difference gets even smaller.

The hypothesized difficulty
As previously described, the equation (5) for the hypothe-
sized or expected difficulty is used as a general indicator of
the expected result. This metric should thus account for the
perceived difficulty, and generally, this was the case for the
different categories albeit there were a few discrepancies that
will be discussed further ahead.

The easy category
In the easy category, the disparity in the comparison was high
(the percentage difference going all the way up to 2% between
two cities), which should theoretically make it very easy for the
participants to make the correct estimation. For this category
in the controlled study (Table 3) the average correct answers
were at 85% and for the same category in the crowd-sourced
study (Table 4) this value was at 81%. One anomaly in the data
shows low accuracy estimation levels for the same population
class cities (25k) and varied density. This is most likely due
to case-specific data since this could be considered a middle
ground between the lower population cases and the higher
population cases.
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The medium category
In the medium category, the disparity in the comparison (the
percentage ranging between 0.5% to 1.5% for two cities) was
somewhere in between easy and hard with varying degrees of
difficulty depending on each case. Theoretically, this should
yield a larger spread in the number of correct answers for
the participants. And as can be seen for this category in the
controlled study (Table 3) the average correct answers were
at 81% and for the same category in the crowd-sourced study
(Table 4) this value was at 78%. These values are quite high,
and this result suggests that the upper limit of the critical
threshold is much higher than was initially expected. The
high percentages indicate that the participants found these
cases to be easier than expected, especially the 25k category
with relatively high values and again this is most likely case
specific. Anomalies for the higher population categories (both
50k and 100k) yielded lower accuracy estimation levels. This
can be attributed to the difficulty to discern more items over a
larger area as was the case with some of the examples in this
category.

The hard category
In the hard category, the disparity in the comparison (the
percentage difference being as low as 0.5% between two cities)
was very low and most of the cases had a high degree of
similarity. This should theoretically make it very hard for the
participants to distinguish between two different cases. Thus
the estimation should yield very low accuracy levels. This can
clearly be seen for this category in the controlled study (Table
3) as the average correct answers were at 45% and for the same
category in the crowd-sourced study (Table 4) this value was
as low as 43%. This confirms the previously stated hypothesis
making it challenging for the participants due to the small
difference between cities. There seems to be a discrepancy
with an unusually high value for a city class of 50k resulting
in an accuracy degree of 74%. This seems to be case specific
as a similar result is observed for both studies and might be
attributed to only this specific set of cities for this category.

Observations and discrepancies
Generally, the number of correct answers did indeed scale with
the three difficulty levels within the same range for both the
controlled study and the crowd-sourced study as can be seen
in Table 3 and Table 4. This is quite unsurprising and expected
since these all cases were classified in the three categories and
should, therefore, adhere to them. This is also in accordance
with the previously mentioned equation (5). However, there
are some discrepancies in some of these cases which should
be further investigated and discussed. Some of the apparent
deviations are in the cases with city classes with around 25k
population. In this scenario, a higher number of participant
accuracy levels were observed for the medium category as
compared to both the hard and easy categories. It is interesting
why this would be the case, and it could be speculated that in
this instance the variation is possibly due to the smaller size of
the cities, yet not so small that the difference could be easily
perceived as in the case of the 10k population category.

Another deviation was the 50k and 100k population cases. In
both of these, the medium category was perceived to be some-

how more difficult than the hard case. A possible explanation
for this is because of their size and geographical extent, it is
more difficult to discern subtle differences between the diffi-
culty levels. The expected difficulty as described by equation
(5) mostly takes into account very small variations in percent-
age. For larger cities, this might seem too small and a scaling
factor could be applied. However, this could also be due to
the limited selection of the dataset since there were not that
many Swedish cities with such large populations to choose
from. The most difficult case in the controlled study appears
to be when varying the population while simultaneously hav-
ing a low density of structures. This was also true for the
corresponding case with a fixed high density and a varied pop-
ulation size. This can be viewed as the extreme case in which
the pattern scatter is maximized or minimized, and both with
a closely varying population. In the cases of a set population
level and varying density, there seems to be a middle ground
between the two extremes that makes it somewhat easier to
estimate the difference.

Application
The findings from what was observed and measured can be
applied to improve the kind of topographic visualization con-
cerning buildings and building patterns as previously described
in this paper. By utilizing the information gained about the
critical threshold, the visualization can be altered to best fa-
cilitate the viewing experience of the audience. When cities
with different buildings and building patterns (as investigated
in this study) get within and around the critical threshold, the
audience will most likely have difficulty to discern and inter-
pret the information. By knowing the critical threshold and
utilizing this information for when two or more cities with
different building patterns share many of the same similarities,
a solution to improve the visualization can be applied. This
solution is of course case specific depending on what the aim
of the visualization is. If the aim is to aid and facilitate the
viewing experience, a solution will have to be applied to rem-
edy the cases near the threshold. For example, this can be the
highlighting of certain features of a city to increase the visual
disparity between cities if that would be the aim of a specific
presentation. This proposed solution is a form of visual feed-
back and it can also be any other kind of information identifier
which could be applied to the visualization. Of course, this is
just one example of a way to improve the ability to visualize
scientific data and, more importantly, enhance the viewing
experience for the audience.

Limitations and future research
There are certainly some drawbacks and limitations of the
approach taken in this study. These concerns deal primar-
ily with the classification and categorization of the data, the
design of the study, and the participant tasks. Arguably all
these limitations were tied to making the study as viable as
possible due to time constraints, and valid compromises had
to be made. First off, it can be argued that the classification
and categorization of the data is a bit narrow and could be
expanded with a larger amount of cases. This is indeed some-
thing that could be explored in a future study. However, it is
worth noting that by expanding the data the user study will
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increase in size considerably. Therefore this might be more
of interest for automated recognition systems in which having
huge amounts of data is beneficial.

This also ties in with the design of the study, in which a rea-
sonable number of questions were presented to participants.
Having a larger number of test cases would yield many more
questions which would arguably affect user performance. Still
having more comparisons would certainly yield a larger reso-
lution in the extent of the data and perhaps a closer approxima-
tion of the metrics that were established in this study. Future
studies might also explore this domain with more extensive
cases albeit with a smaller participant count such as an expert
study, as a comparison [33].

CONCLUSION
In this paper, the visualization of geospatial building patterns
with data from OpenStreetMap was explored, and the user
perception and recognition of these topographical building pat-
terns were evaluated. Buildings from all the cities in Sweden
were visualized on an ellipsoidal virtual globe. The topograph-
ical features and patterns of the cities were examined, with the
primary focus being on the buildings and their topographical
properties. This was done between different city sizes and
classes as classified by the building density levels of different
cities.

Two studies were conducted to evaluate the perceptual prop-
erties and recognition of building patterns. The first study
was a study in a controlled environment with the same set of
variables for all users and with a small sample size of 19 par-
ticipants. The second study featured a crowd-sourced online
study in which the variables, such as screen configuration and
setup, differed depending on the users’ personal setup. But in
turn, this second study enabled the collection of data from a
much larger group and thus generated a more extensive data
set from a sample size of 72 participants.

For both comparative studies, three different difficulty levels
and scenarios were established. The levels were arranged in
easy, medium, and hard cases. These were based on the calcu-
lated comparative graphical difference in percentage between
two sample cities, which basically was a measure of how sim-
ilar they were. Each city pair shared a fixed variable, such
as size or population, while another variable which was to be
tested differed between the two within the same scope.

Based on the outcome of both studies, the findings showed
a similar result in which a threshold for discerning patterns
was established. This critical threshold for comparatively
discerning building patterns for city pairs was calculated to
be around a comparative percentage difference of 0.5% ±
0.05% in each city pair. Below the critical threshold, users
were unable to clearly perceive and verify the comparative
difference, meaning the two cities were too similar to set
apart.

This was observed to be true for a certain level of user compre-
hension and recognition in which a user was able to definitely
detect the difference with certainty and thus discern the com-
parative difference. In the case of the comparative difference

threshold of 0.5%±0.05% users were able to clearly discern
and classify with accuracy levels of above 60%.

However if one wishes to have higher levels of user perception
and recognition within an accuracy level of above 80% then
the observed comparative difference in percentage should be
around 1.5%. Above this level, as the disparity increases,
users are generally able to easily perceive and recognize the
difference. Comparative percentage differences of above 1.5%
yielded even higher accuracy recognition values, with levels
reaching almost near 100% which is quite unsurprising since
the disparity becomes so large, allowing for fast and easy
recognition.

Thus, to conclude, when designing city visualizations with
focus on the topographical aspects of buildings and for clear
and easy recognition of cities with different building patterns,
the findings of this study show that a comparative percentage
difference of greater than 0.5%±0.05% will yield user reten-
tion levels of above 60% and a difference of 1.5% will yield
user retention levels of above 80%. Below these thresholds,
users found it increasingly difficult to discern between cities,
irrespective of what type of building patterns that are present.
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