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ABSTRACT
More and more data have been generated in city
planning in the past few years. Clear visualizations
of these data are helpful to support information comprehension and retention for urban practitioners and
policy-makers. Much research has been carried out
on modeling and integrating data, and different tools
have been developed for their visualization. However, such tools are generally application dependant
and cannot be easily tailored to other problems. This
work introduces GENOR, a generic platform for indicator assessment in city planning. It consists of a
client-server application able to store and process any
indicator and provide 2D and 3D map-based views
for visualization. A game engine (Unity1 ) was used
to create the client application, and the server consists of a REST API and a Database Management
System (DBMS). Two cases studies were conducted
to show the use of the platform: walkability and bus
service availability assessment, both in the city of
Ålesund, Norway. Obtained results demonstrate that
the platform is flexible as it can be tailored to different applications seamlessly.
INTRODUCTION
Over the past few years, more and more urban data
have been generated and made available. These data
must be stored, processed, and visualized concisely
and clearly to be available to planning practitioners and policy-makers (Doraiswamy et al. 2018; You
et al. 2020). Especially in the context of urban mobility planning activities, the proper assessment of the
spatial distribution of different indicators (e.g., walkability, bus service availability, and demographics) is
of paramount importance.
Indicator assessment platforms need to be flexible. New data sources and indicators are often added
and removed based on the type of plan being considered. For example, the relevance of indicators may
vary between urban and rural applications. Also,
many existing visualization methods are in 2D, even
1 https://unity.com/
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though they may provide less understanding of specific relations among data (Doraiswamy et al. 2018).
Furthermore, determining which visualization is best
suited for communicating a given indicator is still an
open question. It might be the case that the visualization mode should be changed from one group
of stakeholders to another. In this case, switching
between different visualization options might be an
essential feature. For example, changing the visualization from 3D to 2D might produce a more valuable
interpretation of spatial relations if the third dimension is irrelevant for a given inquiry.
Indicator visualization platforms and tools already
exist (B.Longva et al. 2021; Fortini and Davis 2018;
Psyllidis et al. 2015; Perhac et al. 2017), but they
mostly focus on one specific problem/domain and
thus can not be easily tailored to different applications. Therefore, the primary goal of our study was
to design and implement a generic visualization platform (GENOR) to support indicator assessment in
decision-making related to urban areas. The platform handles the definition, storage, processing, and
visualization of indicators associated with a region,
using 2D and 3D map-based views. The goal of this
platform is to provide clear indicator visualizations
that support planners and policy-makers in decisionmaking. The platform was designed to be seamlessly
customizable to different indicator-based analyses.
Two case studies are considered to validate the
proposed platform, both related to urban mobility
analysis for Ålesund, Norway: walkability and bus
service assessment. Walkability, which can be defined
by a city’s attractiveness or its opportunity for walking (Weinberger and Sweet 2012), has become crucial
in urban planning. Indeed, walking habits may lead
to health benefits and reduce traffic congestion, air
pollution, air emissions, and the dependence on fossil fuels for transportation (Hall and Ram 2018). In
this scenario, the proper assessment of walkability
conditions of regions is of paramount importance in
decision-making associated with urban planning processes. In a second case study, we demonstrate the
use of the platform in the assessment of how the availability of bus service differs across different regions of
the city. That kind of analysis might be helpful to urban mobility planners in their tasks aiming to assess
the effectiveness of public transportation services.
In summary, the main contributions of this work

are threefold:
• A software platform that stores and processes any
multidimensional indicator.
• A generic visualization tool for indicator assessment using both 2D and 3D map-based views.
• Validation of the platform for two compelling applications related to urban mobility problems: walkability and bus service availability assessment.
RELATED WORK
Much research has been carried out on analyzing
and visualizing urban data. This section provides an
overview of recent data modeling and integration approaches and relevant urban visualization methods.
Data modeling and integration
One stream of literature has focused on data modeling and integration, especially working with inconsistent and heterogeneous data. For example, (Fortini and Davis 2018) presented methods that enable
integration and visualization of urban data coming
from multiple heterogeneous sources. Their platform
is divided into integration, data storage, and service
providing parts. The integration module is responsible for combining information from multiple heterogeneous data sources by performing data extraction,
preprocessing, and standardization on each type of
data, resulting in files with only one format suited
for storage. In this work, we adopted an architecture
similar to theirs.
(Psyllidis et al. 2015) presented a web-based platform that supports the analysis, integration, and visualization of large-scale and heterogeneous urban
data. Datasets are usually specific to one sector or
domain. Therefore, establishing correlation of information from different sectors is a difficult task. Their
platform aims at solving this problem with the use
of a semantic enrichment and integration component
in the form of a web-based interface. It allows the
user to define the relations between urban systems,
data sources, and the city technology enablers. Inspired by their study, we used similar ideas to create
a platform as generic as possible in this work.
(Chen et al. 2018) described an urban data visualization tool that focuses on the cross-domain correlation from multiple data sources by providing selection, filtering, and aggregating features. This is
done using a visual query model for cross-domain
correlation and a visual analytic framework for urban
data visualization, correlation, querying, and reasoning. We adopt similar strategies for handling different types of indicators.
Initiatives on urban data visualization
Several initiatives have been proposed to support
the proper visualization of urban data, including for
mobility and transportation analysis. For a review
in the area, the reader may refer to (Andrienko et al.
2017).

(Eberhardt and Silveira 2018) presented a list of visualization techniques applied to Open Government
Data. They found that map-based presentation is
the most used visualization method, and the main
use case of developed visualization tools refer to studies related to transportation issues. A similar vision
regarding the importance of map-based visualization
strategies was reported by (Prandi et al. 2021). Their
work described an infrastructure to collect data and
a map-based visualization method to display and understand tourist flows. Their tool helped communities foster awareness about sustainability issues but
was only designed for one purpose and area.
In another venue, (Sauda et al. 2007) provided
an interactive urban visualization tool that displays
multiple dimensions of urban data, letting the user
better understand the urban environment. Many existing visualization methods are in 2D, even though
they provide less understanding of spatial relations.
(Johansson et al. 2016), in turn, provided methods
that highlight social values through 3D visualization.
(Perhac et al. 2017) describes another urban data
visualization method that uses virtual reality (VR)
with a game engine (Unity) to display data in a more
immersive way.
Similar to many of the initiatives presented, we
adopted a map-based visualization to support the
analysis of indicators. In our solution, we also explore 3D visualizations to understand spatial relations better. Following the strategy employed by
(Perhac et al. 2017), we use Unity in the implementation of the proposed platform.
Several tools have been developed to address urban
mobility analysis, and recently, growing attention has
been devoted to walkability assessments. In general,
such tools are application-dependent and thus require changes in the source code to address other
indicator-based problems. For example, (B.Longva
et al. 2021) recently proposed a digital twin for walkability assessment. Different from our proposal, the
proposed tool was designed to only address walkability indicator assessment using one static 2D visualization method. Also, its implementation is focused
on data of a specific region.
GENOR: A GENERIC PLATAFORM FOR
INDICATOR ASSESSMENT
This section introduces GENOR in terms of architectural, functional, and implementation aspects.
Architectural view
Figure 1 presents the architecture of GENOR. Its
architecture is divided into two entities: a client, to
handle the user interaction and visualization issues,
and a web server, to handle the data storage and
processing.
The client side handles all the interactions with
the user. Overall, the client application allows users

Fig. 2: Database diagram.

Fig. 1: Architectural view of the GENOR platform.

to define indicators and visualize computed indicator
scores for a particular area.
• The data management part handles the definition
of the indicators to be visualized. These indicators
can also be deleted if they are no longer needed. Once
the user defines or deletes indicators, the client application will send these data to the server which will
process this information.
• To visualize indicators, users must first choose an
area where the indicators will be displayed, and the
actual indicators to visualize. If multiple indicators
are selected, this part also includes features related
to the assignment of weights to each indicator. The
client application will send these data to the server,
and the server will respond with the computed indicators.
• The data visualization process happens when the
server responds to the data selection part request
by sending values of indicators for specific locations.
The client application will create one or more visualization methods to show these data efficiently based
on selected information.
The server is responsible for storing and processing
data. The user has no direct interactions with it,
but the server is essential for the client application
to work correctly.
• The data management part handles the definition
and deletion of the indicators to be visualized. This
information is then sent to the data storage module.
• The data processing part handles the computation
of indicators. Based on an area and indicators selected by the user, the server communicates with the
data storage module to compute the specified indicators for that particular region.
– First, the region of interest is divided into multiple tiles whose size is given by the user. The idea is
to compute one indicator value for each tile.
– Then, the server communicates with the database
to retrieve the relevant indicators of the region of

interest.
– Finally, based on the previous data, the server
assigns a value of all indicators to each tile. For each
tile, all indicators are merged into one global indicator using weights defined by the user. The server
can then send a list of tiles with one value for each
of them to the client application.
• The data storage module contains only a Database
Management Systems (DBMS) used to store indicators. Even if it is represented within the web server,
the database could be physically separated from the
web server.
Usually, indicators are grouped when an analysis is made. For example, a walkability assessment
combines multiple indicators, such as the number of
pedestrians crossings or the average speed limit in
the neighborhood. Therefore, we opted for grouping
indicators by category. An indicator is a value assigned to an area, and a category is a group of one
or more indicators.
The web server is a REpresentational State Transfer Application Programming Interface (REST API).
A REST API is an API that conforms to the constraints of the REST architectural style. REST is a
software architectural style commonly used to create
interactive applications that use Web services. The
client uses keywords to make requests: GET to retrieve resources; POST to submit new data to the
server; PUT to update existing data; and DELETE
to remove data.
Figure 2 presents the database diagram used in
this work. A table indicator keeps track of the indicators. Each table row consists of a unique identifier
id and the indicator name. A table category, similar
to the indicator table, is used to keep track of the
categories. To determine the indicators a category
possesses, a third table category indicator was created. Each row contains the identifier of a category
and the identifier of an indicator.
Functional view
Figure 3 presents a functional view of the client application. Three actions can be performed from the
main screen: managing indicators, computing indicators, and changing the map display.
Managing indicators
The first action the tool offers refers to the management of indicators. This means adding or deleting
indicators and categories.
Adding indicators: When the user wants to add
an indicator, the corresponding window opens. This

Fig. 3: Functional flow diagram of the platform.
TABLE I: Example of an indicator table.
geometry
POLYGON [(62.473940, 6.178904), (62.473940, 6.190553),
(62.472451, 6.178904), (62.472451, 6.190553)]
POLYGON [(48.098141, -1.378394), (48.098141, -1.341239),
(48.080142, -1.378394), (48.080142, -1.341239)]

indicator
0.5
0.7

feature allows the user to choose a local file that contains values of indicators for some regions of space.
To make the platform as generic as possible, files with
any vector-based spatial data format are accepted,
such as Geojson,2 Shapefile,3 or GeoPackage4 for example. The file is then sent to the server through a
POST request.
The server reads the file and converts it to a generic
format. Once performed, the server will request the
database to create a table for each indicator present
in the file and populate it with the corresponding
values. Table I shows an example with two rows.
The table has an indicator column that contains the
indicator value, and a geometry column that contains
an area corresponding to that indicator value. The
coordinates follow the EPSG:43265 format.
Adding categories: A category is a group of
indicators. Therefore, the “add-category” window
shows a list of all available indicators. To have access to this list, the client sends a GET request to
the server before actually opening the window. The
user can define a category name, choose one or more
indicators and send this information to the server
through a POST request.
With the information the client application provides, the server will then create a row with the category name to the category table. The category identifier, automatically created, is sent to the server.
Then, for each indicator the client wants in this category, a row will be created in the category indicator
table with the previous category identifier and the
identifier corresponding to the indicator.
Deleting categories: The delete category win2 https://geojson.org/
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3 https://www.esri.com/content/dam/esrisites/

sitecore-archive/Files/Pdfs/library/whitepapers/
pdfs/shapefile.pdf (As of Feb. 2022).
4 https://www.geopackage.org/ (As of Feb. 2022).
5 https://epsg.io/4326 (As of Feb. 2022).

Fig. 4: Part of page 1 of the “compute-indicator”
window.

dow shows the list of available categories. This list
is given by the server after a GET request by the
client. Then, the user can choose one or more categories, and the selection will be sent to the server
through a DELETE request.
The server will remove each category and its associated indicators from the database. This means that
some rows will be removed from the indicator, category, and category indicator tables, and the tables
containing the indicators will be dropped.
Computing Indicators
Once some indicators and categories are defined,
the user can start computing and visualizing them
for the selected area. This area is divided into several
tiles, where one indicator value is computed. The
client application can then provide a visualization of
the results.
Client side: The “compute-indicator” window
(Figures 4 and 5) allows the user to choose which
indicator to visualize. On the first page of the window, a list of available categories is displayed (retrieved from the server through a GET request), as
well as an input to specify the size of the tiles. On
the second page of the window, a list of indicators
corresponding to the selected categories is displayed.
The user can specify the weight associated with each
of the indicators. Then, the user is asked to select
an area on the map in which the indicators will be
computed. Finally, all of these data (selected categories, tile size, weights of indicators, selected area)
are sent to the server through a GET request.
The server computes the indicators (as described
in the next part) and sends back tiles with values of
indicators that can be visualized in the client application.
The current version of the platform provides two
visualization methods:
• A 2D visualization, where each tile is represented
by a square whose color changes depending on the
indicator’s value. A high value is represented by the

Fig. 6: Example of a spatial join.

Fig. 5: Part of page 2 of the “compute-indicator”
window.

X

globalIndicator =

ωi × vi

(1)

i∈{indicators}

Changing the Map Display
green color, while a low value is represented by a
red color. This visualization method is commonly
used by urban data visualization tools (Eberhardt
and Silveira 2018).
• A 3D visualization, where some relief and 3D buildings are added to the map. Each tile is represented
by a vertical bar, whose height and color depend on
the indicator’s value, like the previous visualization.
3D visualizations offer more understanding of spatial
relations than 2D visualizations when the user can
freely move in the environment (van lammeren et al.
2010). Furthermore, 3D models are considered to be
more beneficial for citizens, planners, and politicians
(Ranzinger and Gleixner 1997).
Server side: When the server is asked to compute
the indicators, three steps are conducted: First, the
server creates the tiles by dividing the selected area
based on the tile size. The centroid (or center) of the
tiles is also computed. Secondly, for each indicator,
the server tries to obtain the values of this indicator
for that specific area from the database. Each indicator has a corresponding table inside the database,
in which the values of this indicator are attached to
areas. Then, a spatial join between the centroids of
the tiles and the data taken from the database is
made. If a centroid of a tile is located inside an area
of the indicator table, then the server can assign the
corresponding indicator value to this tile.
Figure 6 shows an example. An indicator table
contains two rows and a table representing the tiles.
Before the spatial join, the tiles have no value for
the indicator. After the join, the first row gets the
value 0.2 because its centroid is located inside the
first polygon of the indicator table. The second row
still has no value because its centroid is not located
inside any polygon.
Finally, one global indicator is computed for each
tile by combining all indicators, as shown in Equation 1, with ωi the weights and vi the indicators values.

Two map views are available: a 2D view and a
3D view. In the 2D map it is possible to pan by
using the mouse. The 3D view presents a view of
projected satellite photos on terrain with elevation
and 3D buildings. The mouse and the keyboard can
be used to move inside the scene.
Implementation Aspects
Our implementation considered usage scenarios
that rely on 2D and 3D visualization methods on
top of a world map. Therefore, the client side was
implemented using a Unity application. Unity is a
cross-platform game engine that can be used to create 2D and 3D games and interactive simulations.
The utilization of a map provider is needed to display an interactive map. Many exist, such as ArcGIS6 , Google Maps7 , Geopipe8 . We adopted Mapbox9 because it provides a well-documented Software
Development Kit (SDK) for Unity.
The server side consists of two components: the
web server and the database. The requirements
for the server were to create a RESTful API that
can work with Geographic Information System (GIS)
data. Creating a RESTful can be done easily using different tools, such as JavaScript (Node.js) and
PHP. We adopted Python-based technologies for
handling GIS data, because of the availability of several GIS packages. Therefore, the web server is written in Python. To create the RESTful API, the package FastAPI10 was used, which is a modern and fast
web framework for building an API using Python.
The database has a similar requirement than the
web server: it had to support GIS data. We adopted
Postgresql11 , which is a free and open-source re6 https://developers.arcgis.com/unity-sdk/ (As of Feb.
2022).
7 https://developers.google.com/maps/documentation/
gaming/overview_musk (As of Feb. 2022).
8 https://geopi.pe/games (As of Feb. 2022).
9 https://www.mapbox.com/unity (As of Feb. 2022).
10 https://fastapi.tiangolo.com/ (As of Feb. 2022).
11 https://www.postgresql.org/ (As of Feb. 2022).

Fig. 7: Implementation diagram, illustrating the
main technologies employed in the implementation
of the proposed platform.
lational database management system, along with
PostGIS12 , which is an open source software that
supports handling geographic objects in PostgreSQL.
The implementation diagram is shown on Figure 7.
PLATFORM VALIDATION
This section presents two case studies related to
the use of GENOR for the visualization of indicators
related to urban mobility.
On the visualization of walkability indicators
The first case study is about the visualization of
walkability (B.Longva et al. 2021) in the city of
Ålesund in the context of planning processes.
Several indicators can be used to compute walkability. In this use case, we use the following indicators:
• Population density: a higher density means a more
walkable area.
• Park areas: the indicator is higher when a park is
nearby.
• Street connectivity: more street intersections give
a higher score.
• Elevation: the highest score is at the lowest altitude.
• Speed limit: lower speed limit gives a higher score.
• Pedestrian crossings: the indicator is higher when
a pedestrian crossing is nearby.
Datasets used: Global datasets have been used
to compute the indicators. This means that even
though this use case is limited to the city of Ålesund,
it can be easily extended to any other place of the
world.
The population density dataset13 was obtained
from the Kontur14 company. Kontur is a geospatial data and real-time risk management solutions
provider for humanitarian, private, and governmental organizations. The dataset is free, was released in 2020, and consists of hexagons with population counts at 400m resolution. The park areas,
12 https://postgis.net/

(As of Feb. 2022).

Fig. 8: Area of interest.

street connectivity, speed limit, and pedestrian crossings datasets were obtained from OpenStreetMap15 .
OpenStreetMap is a free, editable map of the whole
world that is being built by volunteers. Instead of
downloading these raw datasets that are heavy, we
used an API made available by OpenStreetMap to
retrieve the data. The elevation data were obtained
from Open Topo Data16 . It is a free elevation API
that can give access to several datasets. We chose to
use the Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) dataset, which is a
joint effort between the Ministry of Economy, Trade,
and Industry (METI) of Japan and the National
Aeronautics and Space Administration (NASA) of
the US. The dataset offers a 1 arc-second resolution,
corresponding to a resolution of about 30m at the
equator.
Indicator creation: When creating indicators,
the platform expects one or more files with any
vector-based spatial data format, such as Geojson,
Shapefile, or GeoPackage for example. Therefore, we
have to create such a file with the previous indicators.
First, we have to determine the area of interest
where the indicators will be determined. Since we
want to study the city of Ålesund, the area is a
bounding box with the following coordinates:
• Minimum longitude: 5.938799.
• Minimum latitude: 62.436930.
• Maximum longitude: 6.420250.
• Maximum latitude: 62.536570.
This corresponds to the area in green on Figure 8.
The population dataset consists of hexagons with
population counts at 400m resolution. We chose to
compute one value of all indicators for each hexagon
within the area of interest. The Geopandas package is used to read the population dataset by taking
only the hexagons located inside the area of interest. The resulting data are then projected onto the
EPSG:3857 projection system, the projected coordinate system used for rendering maps in, e.g., Google
Maps and OpenStreetMap. Since we want indicators
to take values between 0 and 1, the density indicator
is computed as shown in Equation 2.

13 https://data.humdata.org/dataset/

kontur-population-dataset (As of Feb. 2022).
14 https://www.kontur.io/ (As of Feb. 2022).

15 https://www.openstreetmap.org/
16 https://www.opentopodata.org/

(As of Feb. 2022).
(As of Feb. 2022).

densityIndicator =

population
maxP opulation

(2)

The parks of Ålesund are given by OpenStreetMap
through the Osmnx package. It is projected onto
the EPSG:3857 projection system to be consistent
with the hexagons. First, each hexagon’s centroid
(or geometric center) is computed. Then, we set the
distance to park parameter for each hexagon as the
distance between the centroid and the nearest park
within walking distance. The walking distance is considered to be 800 meters, the farthest radial distance
based on a ten minutes walk17 . If a centroid has no
park within walking distance, the associated parameter equals the walking distance. Finally, since the
park areas indicator is higher when a park is nearby,
we set the park area indicator as shown in Equation 3.

parkAreaIndicator = 1 −

distanceT oP ark
walkingDistance

(3)

Fig. 9: 2D visualization of walkability.

Fig. 10: 3D visualization of walkability.

As for the park areas, the number of street intersections is given by OpenStreetMap through Osmnx.
For each hexagon, we count the number of intersections whose distance to the centroid is inferior to the
walking distance. We set the street connectivity indicator as shown in Equation 4.
numberOf Intersect
maxN umberOf Intersect
(4)
The elevation data were collected from Open Topo
Data. For each hexagon, the elevation of the centroid is queried. The associated indicator is written
in Equation 5.
streetConnectIndicator =

elevationIndicator = 1 −

elevation
maxElevation

(5)

The speed limit data come from OpenStreetMap.
For each hexagon, we make an average of the speed
limit of each road whose distance to the centroid is
inferior to the walking distance. The speed limit indicator is written in Equation 6.
averageSpeedLimit
maxAverageSpeedLimit
(6)
The pedestrian crossings indicator computation is
similar to the park area indicator computation, we
just check the distance to the nearest crossing instead
of the nearest park.
Now that we have the values of the six indicators,
we use the GeoPandas package to export them into a
speedLimitIndicator = 1−

17 https://www.dcla.net/blog/walkability-standards
(As of Feb. 2022).

Fig. 11: 2D visualization of the population indicator.

GeoJSON file, which is an open standard format designed for representing simple geographical features.
A weighted linear sum is employed to combine the
different indicators.
Visualization of indicators: In the platform,
the previously created GeoJSON can be uploaded
via the add indicator window. Then, a walkability
category can be defined in the add category window.
Finally, the “compute-indicator” window will lead to
the visualization of the indicators.
Figures 9 and 10, respectively, show the 2D and
3D results with all weights set to 1. A green color
means a high value, and a red color means a low
value. We can see that the walkability indicator has
the highest scores in the city center and the lowest
in the southwest.
Indicators can also be visualized individually. For
example, Figure 11 shows only the 2D result of the
population indicator. The red tiles indicate areas
with virtually no houses.
On the visualization of bus service availability
The second case study is bus service availability
in the city of Ålesund. The Public Transport Access

Fig. 13: 2D visualization of the bus service availability.
Fig. 12: Districts of Ålesund.

Level (PTAL) (Wu and Hine 2003) was computed for
different districts of Ålesund and at different intervals
of time.
Datasets used: Ålesund was divided into districts based on data coming from Statistics Norway18 . Figure 12 shows the districts of Ålesund.
Data related to buses (bus stops, frequency) were
collected from Entur,19 which operates the national
registry for all public transport in Norway.
Indicator creation: To determine the PTAL for
one district, we computed the PTAL for all buildings
inside that district and then averaged the result. The
building data were provided by Mapbox20 . For each
location, the PTAL is computed following an algorithm described in (Wu and Hine 2003):
• Calculate the walk times from the location to the
nearest service access points (bus stops in this example). Only bus stops within 640 meters are considered, because we assume people will walk up to eight
minutes to a bus service21 .
• For each bus stop, calculate the scheduled waiting
time (SWT), which is half the time interval between
arrivals of buses at this stop. The scheduled waiting
time indicator reflects the frequency of buses arriving
at a specific stop.
• For each bus stop, calculate the average waiting
time (AWT), which is the SWT added to a reliability
factor. The reliability factor reflects the fact that
actual wait times can be longer due to buses arriving
late. We set it to two minutes in this use case.
• For each bus stop, calculate the total access time
(TAT), which is equal to the walk time added to the
AWT.
• For each bus stop, calculate the equivalent
doorstep frequency (EDF), which is a measure of
what the service frequency would be like if the service was available without any walking time. It is
equal to EDF = 0.5 × ( T60
AT ).
18 https://kart.ssb.no

(As of Feb. 2022).

19 https://developer.entur.org/

stops-and-timetable-data (As of Feb. 2022).
20 https://www.mapbox.com (As of Feb. 2022).
21 https://content.tfl.gov.uk/
connectivity-assessment-guide.pdf (As of Feb. 2022).

Fig. 14: 3D visualization of the bus service availability.

Finally, calculate the Access Index (AI) by summing all the EDF. This gives a value from 0 (worst
PTAL) to 40 (best PTAL).
Visualization of indicators: Figures 13 and 14
show, respectively, the 2D and 3D result with all
weights set to 1. A green color means a high value
and a red color means a low value, so we can see that
like the walkability indicator, the bus service availability indicator is the highest in the city center, and
the lowest in the south west of the city.
•

CONCLUSIONS
This work introduced GENOR, a generic platform
for indicator assessment in city planning. It consists
of a client-server architecture, where the client handles the creation, selection, and visualization of indicators with map-based views, while the server handles the management, storage, and processing of indicators.
The main asset of this platform is its capacity to
be used for any problem, making it generic. Indeed,
it can be used for different applications as demonstrated through two case studies: the visualization
of the walkability assessment and the visualization of
the bus service availability. The platform made possible the analysis of these indicators flexibly because
of the possibility of defining both the area of interest and the weight applied to each indicator. These
two examples were restricted to the city of Ålesund.
However, the platform can work with any other city
and even with areas of different scales, like countries.
Future work includes the addition of more visualization methods, such as graphs, charts, and di-

agrams, to facilitate the visualization of indicators.
Comparison methods like ranking or clustering would
allow multi-dimensional indicators to be easily compared. Also, methods to deal with inconsistent or
missing data would make the platform more robust
to real-world problems. Finally, carrying out user
studies with stakeholders could be helpful to evaluate the platform in real-world usage scenarios. This
could include adding additional indicators to support
holistic spatial sustainability impact assessments in
urban planning, exploring various multi-criteria aggregation functions to compute tile values, and techniques to elicit and determine indicator weights.
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