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Abstract: Spatial pattern (SP) helps to analyze the tasks and provisions that arise in the spatial
planning and design disciplines examining a complex spatial system (CSS). The aim of this article
is to present a territorial planning process and how SP description, identification, and application
methodology (SPDIAM) can help to work with it using a CSS model. First, the quantitative spatial
analysis methods and spatial network analysis tools that can be used to identify SP are compared
with SPDIAM. Then, the main concepts of SPDIAM and created IT artefacts are explained. In the
experiment section, the SP is identified using spatial metapatterns in different North American,
European, and African cities and the correlation results of SP and statistics are calculated to show
a medium to close relationship. Then, the territorial planning cycle and SPDIAM application use
case using the data of Kaunas city (Lithuania) are presented. The results of SPDIAM can be used to
associate the shape of the territory with the geographer models and Alexander patterns using the
bottom-up modelling principle and allows us to standardize urban planning solutions.

Keywords: pattern analysis; territorial planning; network analysis; space syntax; geographic infor-
mation system

1. Introduction

Territorial planning reshapes the forms and functions of cities and regions in order
to generate economic growth, prosperity, and employment while addressing the needs of
the most vulnerable groups [1]. Urban dynamics and the transformation of space require
theoretical approaches and planning methodologies that enable an approximation to the
ongoing processes from a complex and multidimensional perspective [2]. Spatial decision
support tools can provide informative that is assistance for urban planners in order to meet
the interconnected challenges of complex urban systems and to estimate the consequences
of specific planning strategies [3], incorporate variables that were not initially considered,
and evaluate hypotheses in the evolution of urban development [2].

Important progress has been made in the use of simulation models that attempt to
represent urban growth and change [4], and various spatial simulations were created within
the fields of system dynamics and agent-based modeling [3]. The observable patterns in
complex organized systems allow us to understand a wide range of relationships that no
other methods could attain which is extremely relevant in multi-disciplinary research [4].
In territorial planning, the model can be considered as a way to make an experiment using
different variables, analyzing the effects that are produced, and the possibility to predict
future scenarios of intervention according to the performance of the different variables that
are included in the modeling [2]. Using a computer simulation tool has value only if it is
possible to have a methodology to address complex variables simultaneously and to make
decision-making processes more transparent with the clear advantages and disadvantages
that are associated with a project [2].
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A complex spatial system (CSS) defines a complex urban system or spatial entity and
is described by many variables, with high levels of interdependence between the elements,
governed by nonlinear processes, and having a significant spatial structure [5,6]. A spatial
pattern (SP) may be regarded as a complex physical entity (such as a road) or as any kind
of structure, spatial distribution, or a recurring feature (such as a street pattern) that is
represented as lines, areas, or bodies in a 2D or 3D map [7,8]. The SP concept can help to
analyze the tasks and provisions that arise in such spatial planning and design disciplines
as the territorial planning. And even more—SP when used together with simulation models
can add additional value to CSS analysis. The oldest SP are urban models that nowadays
can be defined as computer simulation models, combining theory, data, and algorithms,
and which are classified into basic models (scale, analogue, conceptual); mathematical
models (normative, probabilistic, optimizing) [9]; descriptive and analytical models [10];
and land-use–transportation models, that are used to predict demographic and economic
measures of land-based activities [9,11].

SP description, identification, and application methodology (SPDIAM) [11] was de-
veloped for describing and detecting such spatial economic, social, and environmental
phenomena and providing basic information technology (IT) artefacts that can be used
for the development of the spatial structure (such as network or grid) analysis tools in
Geographic Information System (GIS) [6]. SPDIAM allows urban planning and design
(UPD) practitioners to describe SP in a computerized manner, identify SP automatically and
apply them in the spatial planning and design domain. An SPDIAM data model [6,11] is
based on the theory of CSS, spatial configuration and spatial capital concepts, space syntax
method, and visibility graph analysis (VGA) [12]. It creates a computer model of space and
quantifies its configuration which can be used to handle geographic and geometric data that
are associated with attribute information, to perform spatial, mathematical, and statistical
calculations. SPDIAM can be used to describe and identify complex SP (the geographers’
models [13] and Alexander patterns [14]) and to apply them in CSS analysis in various
domains. SPDIAM is a structural, ruled-based SP recognition method that provides SP
structural description using spatial metapatterns and morphological relationships and uses
space syntax topology and visibility analysis to identify the SP of road networks using GIS.
It can be applied in spatial planning and design disciplines such as territorial planning to
reveal the tasks and provisions of the urban development.

The main objective of this research is to test SPDIAM in the territorial planning process
using CSS model to identify SP in different North American, European, and African cities
and statistically evaluate the experimental results. For this purpose, several tasks were
achieved as presented in Figure 1. First, the quantitative spatial analysis methods that
can be used in territorial planning and to identify SP are compared with each other and
SPDIAM. As the spatial network analysis is used in SPDIAM as the most promising and
convenient method for SP identification, the network analysis tools are discussed and
compared with SPDIAM. Then, the concepts of SPDIAM and created IT artefacts are briefly
presented to understand SPDIAM logic. Then, the experiment of spatial data preparation,
SP identification, and evaluation was conducted. After that the territorial planning cycle,
SP and SPDIAM application in territorial planning use case, together with the detailed
examples of each step using the data of Kaunas city (Lithuania), are presented and tested.

Sustainability 2022, 14, x FOR PEER REVIEW 2 of 23 
 

has value only if it is possible to have a methodology to address complex variables simul-
taneously and to make decision-making processes more transparent with the clear ad-
vantages and disadvantages that are associated with a project [2]. 

A complex spatial system (CSS) defines a complex urban system or spatial entity and 
is described by many variables, with high levels of interdependence between the ele-
ments, governed by nonlinear processes, and having a significant spatial structure [5,6]. 
A spatial pattern (SP) may be regarded as a complex physical entity (such as a road) or as 
any kind of structure, spatial distribution, or a recurring feature (such as a street pattern) 
that is represented as lines, areas, or bodies in a 2D or 3D map [7,8]. The SP concept can 
help to analyze the tasks and provisions that arise in such spatial planning and design 
disciplines as the territorial planning. And even more—SP when used together with sim-
ulation models can add additional value to CSS analysis. The oldest SP are urban models 
that nowadays can be defined as computer simulation models, combining theory, data, 
and algorithms, and which are classified into basic models (scale, analogue, conceptual); 
mathematical models (normative, probabilistic, optimizing) [9]; descriptive and analytical 
models [10]; and land-use–transportation models, that are used to predict demographic 
and economic measures of land-based activities [9,11]. 

SP description, identification, and application methodology (SPDIAM) [11] was de-
veloped for describing and detecting such spatial economic, social, and environmental 
phenomena and providing basic information technology (IT) artefacts that can be used for 
the development of the spatial structure (such as network or grid) analysis tools in Geo-
graphic Information System (GIS) [6]. SPDIAM allows urban planning and design (UPD) 
practitioners to describe SP in a computerized manner, identify SP automatically and ap-
ply them in the spatial planning and design domain. An SPDIAM data model [6,11] is 
based on the theory of CSS, spatial configuration and spatial capital concepts, space syntax 
method, and visibility graph analysis (VGA) [12]. It creates a computer model of space 
and quantifies its configuration which can be used to handle geographic and geometric 
data that are associated with attribute information, to perform spatial, mathematical, and 
statistical calculations. SPDIAM can be used to describe and identify complex SP (the ge-
ographers’ models [13] and Alexander patterns [14]) and to apply them in CSS analysis in 
various domains. SPDIAM is a structural, ruled-based SP recognition method that pro-
vides SP structural description using spatial metapatterns and morphological relation-
ships and uses space syntax topology and visibility analysis to identify the SP of road 
networks using GIS. It can be applied in spatial planning and design disciplines such as 
territorial planning to reveal the tasks and provisions of the urban development. 

The main objective of this research is to test SPDIAM in the territorial planning pro-
cess using CSS model to identify SP in different North American, European, and African 
cities and statistically evaluate the experimental results. For this purpose, several tasks 
were achieved as presented in Figure 1. First, the quantitative spatial analysis methods 
that can be used in territorial planning and to identify SP are compared with each other 
and SPDIAM. As the spatial network analysis is used in SPDIAM as the most promising 
and convenient method for SP identification, the network analysis tools are discussed and 
compared with SPDIAM. Then, the concepts of SPDIAM and created IT artefacts are 
briefly presented to understand SPDIAM logic. Then, the experiment of spatial data prep-
aration, SP identification, and evaluation was conducted. After that the territorial plan-
ning cycle, SP and SPDIAM application in territorial planning use case, together with the 
detailed examples of each step using the data of Kaunas city (Lithuania), are presented 
and tested. 

 
Figure 1. Methodological flow diagram describing and solving spatial problems in territorial plan-
ning using SPDIAM. Figure 1. Methodological flow diagram describing and solving spatial problems in territorial planning
using SPDIAM.



Sustainability 2022, 14, 10687 3 of 23

2. Materials and Methods
2.1. Spatial Pattern in Territorial Planning

Territorial planning can be defined as a decision-making process that is aimed at
realizing economic, social, cultural, and environmental goals through the development
of spatial strategies and plans and the application of a set of policy principles, tools, and
regulatory procedures [1]. Territorial planning is a process that is carried out in compliance
with requirements of the laws which aims at sustainable territorial development and
includes the establishment of land use priorities, measures of environmental protection,
public health and heritage protection, and the creation of residential areas, manufacturing,
engineering, and social infrastructure systems [15].

The objectives of territorial planning are very complex and consist of many different
dimensions that are hard to evaluate and combine, especially in computerized manner. The
comprehensive plan of the territory must be prepared in compliance with the directions of
spatial development of the territory and functional priorities of the use of territories [15].
Complex territorial planning shall mean territorial planning for the establishment of spatial
development directions and priorities of use and protection of territories [15]. The objects
of special territorial planning shall be territories that are characterized by functional com-
monality: (1) territories that are intended for agriculture, forestry, use of subsoil resources
and earth cavities, or other activity; (2) systems of the engineering infrastructure; and
(3) the system of protected areas [15]. Therefore, territorial planning objectives are usually
defined and set by different stakeholders as well as UPD practitioners and the public.

Different types of territorial planning methods exist and have been tested in many
countries (city-wide strategic, master, community, land-use planning, etc.), and they all
aim to influence urban forms and functions and do so in different ways, so that top-down
and bottom-up approaches are combined [1]. Applying the model is possible to include the
perspective of different urban actors (developers, organizations, etc.) in the evaluation, and
to highlight the effects that are derived from a future intervention that could hypothetically
represent the conflict of interest [2].

SP can help to find the functional priorities. For example, space syntax measures
are already being used for Space Syntax OpenMapping platform in Great Britain [16].
SP can show the mixed functional zones, the multi-functionality, and reveal the most
important zones, such as ecological zones that should not be reduced, where to establish
the infrastructure or green areas, and so on. SP can be used to define the provisions for the
use of a territory. Some practical use cases to illustrate SP application in such processes are:
(a) the development of the dynamic plan (e.g., the plan that is based on simulation in real
or conditional time or in compressed time); (b) the development of the digital twin-a digital
city model that reflects the real city and allows us to observe or model real processes of the
urban form; (c) development of the memory (heritage) map, sociotope (acceptable) map
(methodology for the detailed use of public spaces) [17], acupuncture (measured as points)
map, or general vision map (quick presentation of current and desired situation and their
comparison); (d) decision-making on the land use functions; (e) development of the City
Country Fingers map [14] to define the framework of the city vs. nature; (f) development
of the ecological and biological SP for making nature frame analysis from ecologically or
biologically important data; (g) the development of the Street Culture map [18] and be able
to select the priority locations for the street culture objects; and (h) geographer models [13]
and so on.

SPDIAM can be used in any of these fields as we can use the same steps to describe,
identify, and apply different types of SP in various application fields. Only the principle of
how to collect the input data that make up SP can differ, but the whole procedure is the
same as described in [11].
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2.2. Spatial Analysis in Territorial Planning
2.2.1. Quantitative Spatial Analysis Methods

The provisions of the use of the territory arising in the territorial planning discipline
can be set using spatial analysis methods and tools. A number of modelling methods
have been used to investigate urban development, such as cellular automata, geographic
network automata, agent-based modelling, Monte Carlo simulations, random utility, net-
work and land use, categorical maps of landscape type, input-output analysis, entropy,
and system dynamics [4,19–22]. Also, there are many qualitative (morphological and
morphographic descriptions) and quantitative (artificial neural networks, linear/logistic
regression, decision trees) methods to identify SP [7,8,23]. In this section we discuss only
those quantitative methods that meet two conditions: (1) can be used to analyze CSS, and
(2) can be used to identify SP; therefore, such analysis methods as data mining or game
theory are not considered.

There were five spatial analysis methods-agent-based modelling, cellular automata,
fractal analysis, space syntax, and SPDIAM that were compared using the qualitative de-
scriptive method [24]. The features of the possible SP identification methods are compared
focusing on three groups of criteria: (a) CSS modelling [11,23,25–29], (b) method implemen-
tation [11,23,25,28], and (c) method application [23,25–28]. Such method implementation
aspects as source code, type of agent, coding language, API for model development, inte-
grated development environment, operating system, or implementation platform [25] have
not been compared, as currently there are too many different options that can be applied to
each method, thus the implementation method alone does not bring enough added value
to the method.

For now, there is no one defined SP identification method, thus UPD practitioners
tend to identify SP visually, based on observations or statistical data, and only some of
the SP identification methods are using the bottom-up modelling principle. For example,
fractal analysis is based on the examination of the urban morphology aspects, that can be
associated with the functional features of the city. Also, it uses multi-hierarchy to define the
urban morphology aspects that are related to the functional properties and the potential
of the city. However, this method completely elucidates the Euclidean form [30] and it is
difficult to associate with Alexander patterns and geographer models. The main advantage
of cellular automata, agent-based modelling, and space syntax methods is that they are all
based on the bottom-up modelling principle, that conforms to the complex nature of the city.
These methods can be used to model and predict self-organizing SP. Additionally, space
syntax also can cover the whole city due to the links that are modelled between the road
segments. On the other hand, it is difficult to associate the cellular automata, agent-based,
and space syntax models with Alexander patterns or geographer models. Applying space
syntax analysis to urban planning and design has some limitations as incorrect radius
and resolution of the axial map, limited knowledge of the combination, and correlation
of space syntax with other types of analysis and data; these lead to misinterpretations of
the space syntax results [31]. On the other hand, space syntax strength is derived from the
highly effective connection between theory and practice at an architectural, urban, and
regional scale and offers, in a more practical way, powerful methods for the description of
the spatial features of sustainable and unsustainable cities [31]. For example, space syntax
methodology for the determination of street lighting classes [32] can be used by lighting
designers as a valuable alternative tool to a traffic observation campaign because space
syntax analysis proved to be easier and faster than classical methods.

SPDIAM shares all the advantages of the other methods and can be used to compare
different SP using the normalized space syntax values, further reducing the subjectivity
of the method. SPDIAM no longer relies on statistical information and forms SP that is
based on the complex model of CSS. SPDIAM can be used to associate the shape of the
territory with the geographer models using the bottom-up modelling principle [11]. The
restriction of SPDIAM is that it requires practical experiments to acquire the values of SP
for SP identification.
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2.2.2. Spatial Network Analysis Tools

Spatial network analysis is a collection of methods for measuring accessibility poten-
tials and analyzing flows over transport networks [33]. As we go deeper into the analysis
of the quantitative spatial analysis methods, the spatial network analysis proves itself as
the promising and convenient method for SP identification. The network analysis model
provides a time-compressed overall picture compared to other methods and it does not
require rules to be detailed for the individual population groups in a particular city, which
is a labor-intensive process. With network analysis methods such as space syntax, the
preparation and analysis of input data is simpler, so it suits for the large urban structure
analysis. Another important argument is that both the data of the existing streets network
and the data of the planned streets network are usually available as the input data for
this method.

Computational models of spatial networks for GIS are frequently used in applications
such as spatial planning, transport analysis, supply infrastructures, and the analysis of
flows [33]. The analysis of the spatial network analysis tools was conducted by comparing
features, provided measures, and techniques of network vertices mapping. The analysis of
the spatial network analysis tools included spatial design network analysis [34], the Urban
Network Analysis Toolbox [35,36], multiple centrality assessment [37], DepthmapX [38],
QGIS Space Syntax Toolkit [39,40], ArcGIS Network analyst [41], Centrality Analysis Tools
(ESRI) [42,43], and Confeego [44].

After the analysis, it can be seen that some improvements could be done to the quanti-
tative and the qualitative characteristics of the network analysis. All the network analysis
tools that are listed above operate only with the simple measures of centrality [45] (Integra-
tion, Choice, etc.). The aggregated and complex measures would allow us to combine basic
measures and to define new ones. QGIS Space Syntax Toolkit (using DepthmapX) already
works with normalized measures and DepthmapX lets us write the normalized measures
formulas, but yet it is not widely used. The method that would use normalized measures in
spatial network analysis would enable the comparison of the different size spatial entities
and between their elements. ArcGIS Network analyst (ESRI) focuses only on the analysis of
the individual network vertices rather than the whole network. Most of the other network
analysis tools use the whole network information, but don’t use normalized measures. The
method that could offer both will also improve the characteristics of the existing spatial
network analysis tools.

Although spatial network analysis has been part of GIS for a long time, designing
network analytical workflows still requires a considerable amount of expertise, and al-
though the underlying graph algorithms [46] are well understood, we still lack a conceptual
model that captures the required methodological know-how [33]. Analyzed spatial net-
work analysis tools do not offer capabilities to describe SP, SP identification methods, and
measures; this can be seen as the main SPDIAM quantitative and qualitative improvement
to the spatial network analysis tools family. Space syntax-based SP can be linked to various
information and distinguished on its basis (by supplementing space syntax measures with
other indicators), also space syntax-based SP can be easily compared with other SP (e.g.,
population density, economic typology of activities, etc.), thus the addition of SP would
show the versatility of the proposed model.

2.3. SPDIAM Concepts

SPDIAM was described in detail in [6,11], thus in this section we present the main
principles to understand how SPDIAM works to make it possible to apply it in the territorial
planning cycle as described in further Section 3.4. SPDIAM consists of the concepts that
are presented in Figure 2 based on which SPDIAM static and dynamic views are created.
SPDIAM static view (Figure 3) is SPDIAM conceptual data model that let us describe,
identify, and apply SP. The SPDIAM dynamic view (Figure 4) presents SPDIAM application
process and consists of three phases: SP description, SP identification, and SP application.
In the SP description phase SP is connected with the problem and some thematically-related
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indicators and can have some values. In the SP identification phase, the SP identification
method is connected with possible operations. Each operation is defined by the measures.
The measure can be calculated for the element of the spatial structure. In the SP application
phase, the spatial structure should be filled with the spatial data of CSS, the indicators
should be filled with the indicators layer data, and then the objectives for CSS development
can be set.
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The static view of SPADIAM is defined by Unified Modeling Language (UML) Class
diagram (Figure 3), and it consists of five main parts that are dedicated to described: (1) SP,
(2) SP identification method, (3) SP identification method steps, (4) spatial entity (or CSS),
and (5) spatial entity analysis. The two principal SPDIAM concepts are PatternMethod class,
which defines specific Pattern class identification methods, and the Analysis class, which
defines a user-created instance of SpatialEntity class analysis. Once the SP identification
method is described, the process of SP identification can be defined. This process uses two
main classes-Form (defines different SP forms that are emerging in SP identification process)
and Structure (defines spatial structures of the Form class and is based on SpatialEntity class
spatial data). Also, the measures that will be used to estimate the features of SP form,
structure, and its elements are defined by the MeasureTarget class. Both instances of Form
and Structure class can be reused for other SP, using the same method, so it makes the SP
description process simpler in the future [11].

In Figure 4, new SP, its values and measures, SP identification method, and its step
creation algorithms using the forms and structures are presented.
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3. Results
3.1. Introduction and Input Spatial Data Preparation

In this section we present a case study to prove that SPDIAM can identify SP that
later can be used in the territorial planning process. The previous case study [6] was
dedicated to the general SP and metapattern model and spatial metapattern identification
experiment, that showed that three VGA measures (Isovist compactness, drift magnitude,
mean depth) are suitable for SP identification as their values show clear ranges for different
spatial metapattern values (measure value approaching to 0 shows line, and approaching to
1-circle metapattern value) and that the general SP and metapattern models and IT artefacts
that are presented in [6] can be used to describe and identify spatial metapatterns in the
spatial vector data of CSS, taking into account CSS analysis problems. This case study is
dedicated to SP identification using those metapatterns that were identified in [6]. There
are three steps of the experiment that are conducted: (1) spatial metapatterns and their
values preparation; (2) spatial metapattern assignment to the city parts (e.g., parts of CSS);
and (3) calculation of SP identification based on the spatial metapattern. As a result, four
SP (Linear, Star, Sector, Concentric Zone) are identified in 12 cities data.

This case study also includes an input data preparation experiment. The vector map
data (taken from [47]) in *. SHP format of 12 North American, European, and African cities
(Baltimore (USA), Chicago (USA), Gdansk (Poland), Helsinki (Finland), Ibadan (Nigeria),
Kaunas (Lithuania), Klaipeda (Lithuania), Nice (France), Vilnius (Lithuania), Stockholm
(Sweden), Bucharest (Romania), and Ottawa (Canada)) were prepared as described in [6].
Then, these primary spatial structures in *. DXF format was imported into DepthmapX
(0.5.0.) [38], the Grid property was set to 200x200 (as the same grid size was used in all
the experiments) and a separate map (*.GRAPH file) for each independent part of the city
was created. The independent part is defined by the rule, that it is not connected in any
of the other parts of the city. Then, each map was transformed to Visuality Graph using
DepthmapX (0.5.0.). As a result, 41 Visuality Graphs were prepared for the separate parts
of 12 cities as input data for the experiment.

3.2. Spatial Pattern Identification Using Spatial Metapattern

Step 1: Spatial metapatterns and their values preparation. We selected 6 basic spatial
metapatterns and their value measures that were calculated in [6]. Then, we performed
the cluster analysis on these 6 basic spatial metapatterns and their measures by selecting
K-Means Cluster Analysis [48] and using IBM SPSS Statistics [49] tool. The goal of this
step was to create six clusters of three space syntax measures and their values, to use
these measurement value combinations to identify SP using metapatterns. The K-Means
cluster analysis procedure attempts to identify relatively homogeneous groups of cases
based on selected characteristics using an algorithm that requires specifying the number of
clusters [48]. The results of the K-Means cluster analysis are presented in Table 1. As the
MAX values of each measure show the best result (e.g., the biggest difference in clusters),
only the MAX values were used further.

Table 1. Spatial metapattern identification results of K-Means cluster analysis of Isovist cgfdompact-
ness, drift magnitude, and mean depth measures (MIN, MEAN, and MAX values).

Meta-Pattern
Isovist Compactness Drift Magnitude Mean Depth

ClusterMIN MEAN MAX MIN MEAN MAX MIN MEAN MAX

Line 0.126 0.126 0.126 0.077 25.088 48.988 1.000 1.000 1.000 1
Labyrinth 0.070 0.240 0.543 0.056 4.186 10.451 1.102 1.534 2.653 2
Star4 0.059 0.132 0.136 0.121 13.195 25.585 1.000 1.461 1.491 3
Star8 0.039 0.121 0.134 0.058 6.956 12.926 1.000 1.689 1.735 4
Sector 0.086 0.246 0.505 0.049 5.255 12.683 1.000 1.279 1.619 5
Circle 0.997 0.997 0.997 0.050 2.696 4.052 1.000 1.000 1.000 6
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Step 2: Spatial metapattern assignment to CSS parts. First, VGA was performed
using DepthmapX to calculate Isovist Properties and Calculate visibility relationships (using
options Include global measures and Radius = n) and to get MAX measure values on 41
Visuality Graphs of the parts of 12 cities. The calculated values of space syntax measures
(Isovist compactness, drift magnitude, mean depth) are presented in Table 2. Then, K-
Means Cluster Analysis was performed on the parts of 12 cities and their measures by
using the IBM SPSS Statistics [49] tool. The parts of the cities were clustered in six clusters
and each of them had assigned metapattern from the previous step.

Table 2. Results of K-Means cluster analysis results of city parts of Isovist compactness, drift
magnitude, and mean depth measures (MAX values).

City Part
Isovist

Compactness
(MAX)

Drift
Magnitude

(MAX)

Mean Depth
(MAX) Cluster

Ottawa 6 0.423 22.887 2.111 2
Kaunas 2 0.438 21.165 2.000 2
Ottawa 8 0.486 20.962 3.100 2
Chicago 2 0.493 20.052 2.196 2
Gdansk 4 0.556 24.023 1.430 2
Ibadan 3 0.574 21.939 2.780 2
Ottawa 4 0.607 19.852 1.920 2
Bucharest 2 0.653 23.690 2.622 2
Gdansk 2 0.716 18.285 1.860 2
Vilnius 0.513 8.409 3.614 3
Bucharest 3 0.516 6.993 2.206 3
Ottawa 5 0.568 9.739 3.961 3
Ottawa 1 0.585 7.556 4.526 3
Helsinki 3 0.607 6.348 4.241 3
Chicago 5 0.629 6.016 3.272 3
Baltimore 1 0.644 7.081 2.810 3
Ottawa 11 0.644 8.270 3.683 3
Chicago 7 0.453 27.494 2.187 4
Chicago 4 0.473 25.233 2.257 4
Gdansk 3 0.540 24.571 1.600 4
Helsinki 2 0.573 30.280 2.578 4
Stockholm 2 0.574 25.695 1.590 4
Chicago 6 0.574 27.932 2.724 4
Ottawa 7 0.595 28.417 2.064 4
Kaunas 3 0.646 28.856 1.979 4
Chicago 1 0.669 31.904 2.458 4
Kaunas 4 0.472 11.207 2.553 5
Ottawa 9 0.489 13.996 2.700 5
Ibadan 2 0.492 17.032 3.220 5
Ottawa 2 0.494 12.334 3.818 5
Ottawa 10 0.573 15.924 2.084 5
Nice 0.580 13.514 1.740 5
Helsinki 1 0.590 15.618 2.578 5
Klaipėda 0.684 14.691 2.822 5
Stockholm 1 0.689 11.753 3.240 5
Bucharest 1 0.692 13.753 3.409 5
Ibadan 1 0.519 4.325 2.810 6
Kaunas 1 0.545 4.807 3.671 6
Gdansk 1 0.59 5.044 4.110 6
Ottawa 3 0.635 3.478 4.838 6
Chicago 3 0.757 2.532 5.887 6

Step 3: SP identification based on spatial metapattern. First, each city part was
assigned a spatial metapattern value and additional map-defined measures: PART SIZE
(how big is the part of CCS), PART COUNT (how many separate parts CSS has), and PART
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DOMINATION (expresses the percentage dominance of the specific part size comparing
to all CCS). Then, the biggest part is taken and its identified metapattern is evaluated and
assigned as SP using the simple rules that are listed in Table 3.

Table 3. Metapattern and corresponding SP relationship.

Metapattern SP

Line Linear
Labyrinth Multi-Nuclei

Star4 Star
Star8 Star
Sector Sector
Circle Concentric Zone

The final result of spatial entities SP identification is presented in Table 4. For example,
Baltimore has only one part (PART COUNT = 1). In such cases, the size of the part
(PART SIZE) and the domination of the part (PART DOMINATION) is not important. The
visibility graph of Baltimore is presented in Image column. Using this visibility graph,
three measures are calculated and then based on the values of these measures the cluster is
assigned (see Table 2), so Cluster = 3. Then, the value of the whole city spatial metapattern
is assigned using the method that is described above, so the resulting metapattern = Star4.
As the spatial metapattern Star4 refers to SP Star (please see Table 4), Star is identified as SP
for Baltimore.

Table 4. SPDIAM entities and variables that were used for SP identification using spatial metapatterns.

Spatial Entity Parts Cluster Metapattern Image
(DepthMapX) Part Size Part Count Part Domi-nation (%) SP

Baltimore 3 Star4
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Table 4. Cont.

Spatial Entity Parts Cluster Metapattern Image
(DepthMapX) Part Size Part Count Part Domi-nation (%) SP
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Table 4. Cont.

Spatial Entity Parts Cluster Metapattern Image
(DepthMapX) Part Size Part Count Part Domi-nation (%) SP
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Ottawa 10 144 11

Ottawa 11 3 Star4
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The same logic applies to the cities with more than one structural part such as
Bucharest. As Bucharest 3 is the biggest part of all the Bucharest parts (PART SIZE = 644)
and the most dominant part of the city (PART DOMINATION = 87%), the whole process
that is described above is repeated for Bucharest 3, and as the result its metapattern Star4 is
identified, that leads to the decision that SP of Bucharest is also Star. Such decisions can be
automated using SPDIAM data model.

The results of the experiment show that SP can be calculated using spatial metapatterns
that are based on the clustering analysis of three space syntax measures MAX values
(Isovist compactness, drift magnitude, and mean depth). After that, using three map-
defined measures (PART SIZE, PART COUNT, PART DOMINATION) and simple rules, the
evaluation of the identified spatial metapattern can be made and an automated decision
can be taken which SP must be selected as an SP value. This solution is suitable for those
spatial entities (or CSS) that have a high percentage of the central part. However, a simple
refinement of SPDIAM and the proposed algorithm can be made, given that if a spatial
entity does not have one larger part, then its SP must be evaluated in terms of the fact that
the spatial entity can be multi-nuclei.

3.3. Experiment Results Evaluation and Statistics Data Correlation

The results of the experiment show that SP can be calculated using the evaluation
of the identified spatial metapattern, map-defined measures, and simple rules and that
automated decision can be taken which SP value must be selected. In order to check if
the identified SP reflect real processes in urban structures, SP was compared to the points
of interest (POIS) open data which represent the various objects of attraction of human
activities can be related to human flows, etc. It is expected that identified SP should
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correspond to the allocation of POIS, and the results of the correlation are presented in
Table 5.

Table 5. SP, points of interest (POIS) and buildings density correlation results (ESRI ArcMap).

Identified SP
(Red Color Presents

SP)

POIS Presence
(If at Least One POI Is
in the Cell, the Value

= 1 (Red Color), If
There Is No POIS, the
Value = 0 (Blue Color)

Number of POIS
Inside a Cell within
200 Meters’ Distance

around It
(Red Color Presents

Bigger Numerical
Values)

Buildings Density
(Red Color Presents

Bigger Numerical
Values)

Bucharest
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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Table 5. Cont.

Identified SP
(Red Color Presents

SP)

POIS Presence
(If at Least One POI Is
in the Cell, the Value

= 1 (Red Color), If
There Is No POIS, the
Value = 0 (Blue Color)

Number of POIS
Inside a Cell within
200 Meters’ Distance

around It
(Red Color Presents

Bigger Numerical
Values)

Buildings Density
(Red Color Presents

Bigger Numerical
Values)

Stockholm
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
level, which means that there is only 1% probability that they are random. 

The data of Stockholm shows a negative correlation, as due to the natural conditions 
(Stockholm is located in the archipelago), the urban structure adapts to the nature and 
cannot follow the laws of brevity or straightforwardness that normally affects the for-
mation of the urban structure. A weak correlation in Ibadan could be explained by the 
following: (1) lack of reliable data, (2) a relatively low number of POIS in relation to the 
territory of both city and SP, and (3) peculiarities of the city itself. Helsinki is located on 
island-peninsulas, so the geographical situation largely determines the urban structure. 
In such cases, the evaluation of SP depends on UPD practitioner estimation. 
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In Table 6, all of the cities were compared using the size of entire city area, the size of 
the area that was occupied by SP, and the size of SP area compared to the entire city area. 
Based on such comparisons, various conclusions can be drawn about the location, propor-
tions, and possible scenarios of urban development in the cities center and periphery. For 
all cities several statistical indicators were calculated, such as Kramer’s association coeffi-
cient, Pearson’s correlation coefficient, and Spearman rank correlation, between SP and 
POIS and building density data. Then, the correlation significance was verified by calcu-
lating the approximate significance and Sig (2-tailed) p-value. The SP correlation results 
are summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship be-
tween the identified SP and the statistics and all the correlations are at the 0.01 significance 
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In Table 6, all of the cities were compared using the size of entire city area, the size of the
area that was occupied by SP, and the size of SP area compared to the entire city area. Based
on such comparisons, various conclusions can be drawn about the location, proportions,
and possible scenarios of urban development in the cities center and periphery. For all
cities several statistical indicators were calculated, such as Kramer’s association coefficient,
Pearson’s correlation coefficient, and Spearman rank correlation, between SP and POIS
and building density data. Then, the correlation significance was verified by calculating
the approximate significance and Sig (2-tailed) p-value. The SP correlation results are
summarized in Table 6 and show a medium to close (from 0.3 to 0.5) relationship between
the identified SP and the statistics and all the correlations are at the 0.01 significance level,
which means that there is only 1% probability that they are random.

The data of Stockholm shows a negative correlation, as due to the natural conditions
(Stockholm is located in the archipelago), the urban structure adapts to the nature and
cannot follow the laws of brevity or straightforwardness that normally affects the formation
of the urban structure. A weak correlation in Ibadan could be explained by the following:
(1) lack of reliable data, (2) a relatively low number of POIS in relation to the territory of both
city and SP, and (3) peculiarities of the city itself. Helsinki is located on island-peninsulas,
so the geographical situation largely determines the urban structure. In such cases, the
evaluation of SP depends on UPD practitioner estimation.

3.4. SPDIAM Application in Territorial Planning

In this section, the SPDIAM application use case in territorial planning will be dis-
cussed. Since the proposed method of SP identification allows us to talk about its prognostic
potential, SPDIAM is generally suitable for both the analysis of SP and the evaluation of
the possible alternatives, as well as the evaluation of the effectiveness of the chosen final
solution. The territorial planning cycle is presented in Figure 5.
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Table 6. City and SP correlation results and results significance.

City
Area of City
(Number of

Cells)

Area of SP
(Number of

Cells)

Part of SP
Territory

Kramer’s
Association

(SP and
POIS

Location)

Pearson’s
Correlation

(SP and
POIS

Density)

Pearson’s
Correlation

(SP and
Buildings
Density)

Spearman
Rank

Correlation
(SP and

POIS
Density)

Spearman
Rank

Correlation
(SP and

Buildings
Density)

Approximate
Significance

Sig
(2-Tailed)

Sig
(2-Tailed)

Sig
(2-Tailed)

Sig
(2-Tailed)

Baltimore 3127 613 0.196 0.307 0.375 0.465 0.411 0.398
0.01 0.01 0.01 0.01 0.01

Stockholm 2736 388 0.141 0.155 0.616 -0.09 0.461 −0.012
0.01 0.01 0.01 0.01 0.515

Gdansk 5950 1168 0.196 0.383 0.393 0.508 0.527 0.504
0.01 0.01 0.01 0.01 0.01

Ibadan 6216 946 0.152 0.095 0.102 0.06 0.099 0.02
0.01 0.01 0.01 0.01 0.123

Chicago 8982 3709 0.412 0.351 0.273 0.242 0.411 0.26
0.01 0.01 0.01 0.01 0.01

Bucharest 3039 731 0.240 0.242 0.449 0.477 0.514 0.515
0.01 0.01 0.01 0.01 0.01

Kaunas 6083 1050 0.172 0.38 0.377 0.578 0.436 0.497
0.01 0.01 0.01 0.01 0.01

Klaipeda 1106 370 0.334 0.529 0.41 0.435 0.617 0.485
0.01 0.01 0.01 0.01 0.01

Nica 1044 145 0.138 0.319 0.716 0.553 0.581 0.491
0.01 0.01 0.01 0.01 0.01

Ottava 18135 3538 0.195 0.629 0.452 0.707 0.707 0.591
0.01 0.01 0.01 0.01 0.01

Vilnius 5550 628 0.113 0.354 0.484 0.194 0.476 0.244
0.01 0.01 0.01 0.01 0.01

Helsinki 2235 455 0.203 0.104 0.466 0.063 0.421 0.083
0.01 0.01 0.003 0.01 0.01
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Figure 5. The territorial planning cycle (grey blocks indicate the steps that can be implemented using
SPDIAM).

The main roles participating in the territorial planning are: Stakeholder (developer,
investor)-defines a person who has an interest or concern in something especially a busi-
ness; (1) UPD practitioner-can be seen as a moderator of all stakeholders’ interests; (2)
System-computerizes (and in some cases-automates) the steps of SPDIAM; Public-one or
more natural and/or legal persons, their associations, organizations, or groups; Territorial
Planning Specialist-specialist that is involved in the territorial planning process and territo-
rial planning documents preparation. Given that the SP identification method is suitable
for a variety of stakeholders, the SP application procedure in the territorial planning cycle
are presented in Table 7.
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Table 7. SPDIAM and identified SP application in territorial planning.

Step Description (Role) Step Example

1. Making/updating order for the territorial planning solution (Stakeholder)

The order can be taken from the feasibility study, text description,
identification of priority urban development areas, and so on.

Order for the territorial planning solution: to define possible priorities for
the development of Kaunas territory.

2. Identification of the urban development problem (UPD practitioner)

The problem is the mismatch between the stakeholders needs and it is
based on urban development vision and analysis results. In computer
science, it can be seen as the spatial accessibility, density, or diversity
problems, calculated from the area’s spatial or statistic data. The
problem identification brings together information from the
stakeholders, developers, and investors on as different layers of data
indicators or statistics. In the next steps, SP helps to better understand
the causes of the problems or at least the extent to which the spatial
structure of SP contributes to the problem. For problem definition, the
tools such as Sustainability Compass [50] for analyzing and orienting
urban scale projects can be used. Problem example: there is a large
population in the area, but the location of the infrastructure
(kindergartens, public transport stops, shops, commercial facilities,
recreational areas) does not correlate with the location of the population.
Research method example: feasibility study, e.g., economic evaluation.

Urban development problem for Kaunas territory: the priority areas are
identified based on the current situation analysis, modelling the various
services accessibility and so on. There are 4 zones in Kaunas as
presented in Figure 6. (a) Historical core that needs to be preserved (red
color); (b) Žaliakalnis district, which is a good example for other areas
(dark red color); (c) areas in which there is an urgent need to invest in
and manage poor infrastructure as there is a large population living in
those areas-(blue and yellow color); (d) areas in which the attractiveness
for the population have to be increased due to the relatively good
infrastructure (green color). Therefore, there is a need to develop the (c)
and (d) territories.

3. Analysis of current situation (System, UPD practitioner)

Spatial entity analysis includes selection of relevant SP; selection of
quantitative SP measures; input data collection and modelling; SP
identification (automated step); SP evaluation; and summary of results.
First, the analysis of the current situation is conducted on the basis of SP.
Then, the additional spatial or statistical data are used to evaluate the
situation in the territory covered by SP. This analysis not only collects
statistical information, but also creates a simulation model, the
effectiveness of which is checked by calculating correlations between SP
and additional data or using other statistical analysis methods.
Additional data examples: population, points of interest, commercial
entities, building data.

For the analysis of current situation, the existing street network of
Kaunas (presented in Figure 7a) was used. After SP identification, the
conclusion was made that Aleksotas and Vilijampolė districts are not as
active in Kaunas City Layout SP as they should be. Therefore, Kaunas
City Layout SP should be expanded into these areas. In Figure 7b the
dark brown color depicts Kaunas City Layout SP (or the center of
Kaunas), the lighter brown color depicts the other most connected and
easily accessible areas to the city center, and the yellow color indicates
the entire city territory used for SP identification. Kaunas City Layout
SP evaluation showed that SP in Kaunas correlates with statistical data
and can be used in further analysis (SP evaluation process is explained
in Section 3.3.).

4. Generation of alternative solutions (System, UPD practitioner)

Alternatives are generated by modifying input data. Then, SP allow us
to assess the impact of the solutions and becomes an argument when
discussing their suitability.

The urbanists of Kaunas municipality suggested new streets (and
bridges) for Kaunas territorial development that have different
development priorities in Comprehensive plan. For the first alternative
Kaunas City Layout SP, the input data (street network) contained the new
streets that have priority “1“. These streets are marked in red color in
Figure 8a and recalculated SP changes are marked in red squares in
Figure 8b. For the second alternative Kaunas City Layout SP, the input data
contained the same priority “1” streets and the streets with priority “2”
and “3”. All new streets are marked in red color in Figure 9a and SP
changes are marked in red squares in Figure 9b. The implementation of
the first priority streets would not radically change the situation in
Kaunas. It would slightly improve the situation in Palemonas area,
which is acceptable in the context of the comprehensive plan proposals.
The implementation of all three priority streets would change SP a little
more: it would develop the Palemonas, Aleksotas, and even slightly
Eiguliai districts, and this is in line with the strategy proposed in the
comprehensive plan. In essence, the new streets proposed in the
comprehensive plan are more evolutionary timid steps, and for more
significant changes Kėdainiai bridge should rise to Šilainiai and above
Marvelė districts, as the current proposed location of the bridge will not
help to reduce the load on the Kaunas center.

5. Evaluation of alternative solutions (Society, Stakeholder)
1. Express opinion (Society).
2. Evaluate alternative solutions (Stakeholder).

3. Public opinions recorded in the protocol.
4. Discussions recorded in the protocol.

6. Selection and detailing of the final solution (System, UPD practitioner, Stakeholder)

Once the alternative has been selected, we can continue to use SP to
model and predict the impact of the detailed decision on changes in SP
and thus on the functioning of the city. The choice of the solution lies
with the stakeholders. The indicators that help to make this choice can
be: (a) demand management, (b) system efficiency, (c) capacity expansion
changes; etc. If the result is not satisfactory, UPD practitioner can go back
to step 3 and choose another alternative.

The second alternative is more in line with the priorities set out in the
comprehensive plan, slightly improving the situation in the Palemonas
and Aleksotas districts. The choice of such alternative shows that the
new comprehensive plan would require the more significant solutions
that would change the situation also in Vilijampolė district.
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Table 7. Cont.

Step Description (Role) Step Example

7. Preparation of the territorial planning documents (Territorial Planning Specialist)
5. Comprehensive plan drawings:

• the main drawing;
• drawings and diagrams of the components of the

comprehensive plan.
6. Spatial planning document solutions.
7. Various spatial planning norms (such norms exist not only in urban

planning but also in other fields):
• building intensity;
• building density;
• type of construction;
• building volume index.

8. Current situation analysis documents.
9. Documents of territorial planning documents changes.

The final result can be used for the preparation of the new
comprehensive plan of Kaunas city municipality territory (the
exemplary comprehensive map of Kaunas is presented in Figure 10).
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Such knowledge of SP and metapatterns allows spatial planning and design profes-
sionals to standardize the proposed urban planning solutions, model different alternatives,
and assess the impact on urban or other complex spatial structure development based on
computable measures. Based on SP, urban development solutions can be compared with
each other, thus gaining additional insights into the causes and factors that are associated
with the functioning of a CSS. Also, the SP approach combines the spatial dimension with
the social, cultural, and economic dimensions, and these interactions allow spatial planning
and design professionals to interpret the urban spatial structure as spatial capital which
interacts with social, economic, and ecological capitals.

4. Discussions

SPDIAM that was proposed and tested in this research expands the relatively simple
simulative urban model that is based on the generic rules while making it more complex,
e.g., creating the possibility to apply the same model to the various layers of the capitals of
the city (spatial, ecological, social, etc.), creating the link with the fundamental theory of the
architectural patterns by Alexander [14] and classification of the urban patterns in the field
of geography [22]. The simulative nature of the model means that it has a predictive power
and could be used as a part of the decision support system in the urban planning discipline.

The validation of SPDIAM is based on the following: (a) SP identification of the se-
lected cities spatial structure that is based on the available open data; (b) statistical analysis
of the relationships between the identified SP and available indicators of use intensity of
spatial urban structure (density of buildings and amenities); (c) classification of identified
SP according to the spatial form and an attempt to relate it to Alexander ‘s patterns.

The results of SP classification in different North American, European, and African
cities using spatial metapattern experiments show that SP can be calculated using the
evaluation of the identified spatial metapattern, map-defined measures, and simple rules
and that automated decision can be taken which SP value must be selected. This solution
is suitable for those CSS that have a high percentage of the central part, but a simple
refinement of the proposed algorithm can be made, given that if a spatial entity does not
have one larger part, then its SP must be evaluated in terms of the fact that CSS can be
multi-nuclei.

The correlation results of SP and statistics show a medium to strong (from 0.3 to
0.5) relationship between the identified SP and the statistics and all correlations are at
the 0.01 significance level, which means that there is only a 1% probability that they are
random. In some cases, there is a lack of data (Ibadan), the archipelago influences and
determines the even distribution (Stockholm), or the city is located on island-peninsulas
so the geographical situation largely determines the urban structure (Helsinki). Then, the
evaluation of SP depends on the UPD practitioner’s estimation as it is defined in one of
SPDIAM phases.

The main advantage of the analyzed methods in comparison to the reviewed ones is
that cellular automata, agent-based modelling, and space syntax or mathematical graph-
based methods are all based on the bottom-up modelling principle and can be used to
model and predict self-organizing SP, but it is difficult to associate these models with
Alexander patterns or geographer models. The creation of such an association lead UPD to
the much deeper interpretation and understanding of urban spatial configuration while
relating its geometrical properties with various functional aspects, zoning, and geographical
conditions, etc. Applying stand-alone space syntax analysis to urban planning and design
has some limitations [31] too, that can lead to misinterpretations of the space syntax results,
but it can be used for the description of the spatial features of the cities, and in some
cases [32] proved to be easier and faster than classical methods. Space syntax-based SP can
be linked to various information and can be easily compared with other SP (e.g., population
density, economic typology of activities, etc.). With network analysis methods such as
space syntax, the preparation and analysis of input data is simpler, so it is suitable for the
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large urban structure analysis and the data of the existing and planned streets networks are
usually available as the input data for this method.

The strength of the proposed model is demonstrated within the contexts of the ana-
lyzed network analysis tools which operate only with the simple measures of centrality and
are not widely used. The method that would use normalized measures in spatial network
analysis would enable the comparison of the different sized spatial entities and between
their elements. At the moment, designing network analytical workflows requires the expert
knowledge of the selected spatial analysis method, and analyzed spatial network analysis
tools do not offer capabilities to describe SP, SP identification methods, and measures.

SPDIAM shares all the advantages of the other methods and can be used to compare
different SP, reducing the subjectivity of the results of the territorial planning discipline.
SPDIAM can be used to associate the shape of the territory with the geographer models
using the bottom-up modelling principle.

However, some of SPDIAMs weaknesses and limitations should be considered: the
value ranges of SP and spatial metapattern values can be obtained only by the experiments
and it is quite demanding in terms of time and knowledge as, for example, the statistical
tools can be used for it. Also, SPDIAM is limited by the available open data of CSS-
both for SP identification and then evaluation. These limitations can be addressed in the
future works.

The unexpected finding of the research is related to the attempt to classify SP based on
statistical cluster analysis, as it demonstrated some possible oversimplification and over-
generalization of urban forms that are described by experts. In this case, the classification
that was based on the results of SPDIAM could be seen as more objective and suitable for
comparison of the urban spatial patterns comparing to experts’ opinion.

While summarizing the discussion, it could be stated that SPDIAM, including not only
its predictive, but also its analytical possibilities, revealed itself as a useful complex decision
support tool in urban spatial planning. The usage of more diverse data for the validation
of SPDIAM results and application of the method for the other types of urban capitals
(e.g., ecological, social, economic, etc.) should be considered in the future development
of the model. It should be pointed out as well that SPDIAM was tested at the whole
city level, but its application possibilities could be investigated at both regional or urban
neighborhood scales.

5. Conclusions

SP helps to analyze the tasks and provisions that arise examining cities as CSS in the
territorial planning discipline. SPDIAM was developed for describing and identifying such
spatial economic, social, and environmental SP. After performing the comparison of the
quantitative spatial analysis methods and spatial network analysis tools that can be used
to identify SP, the conclusion was made, that the existing methods and tools do not offer
capabilities to describe SP, SP identification methods, and measures. This can be seen as
the main SPDIAM quantitative and qualitative improvement to spatial analysis methods
and tools family. Then, the main concepts of SPDIAM and IT artefacts were presented, in
order to use them for the development of the spatial structure (such as the network or grid)
analysis tools in GIS.

In the experiment section, SPDIAM was tested using the CSS model and identifying SP
in different North American, European, and African cities and then statistically evaluating
the experiment results. The correlation results of SP and statistics showed a medium to
close relationship between the identified SP and the statistics. Then, territorial planning
cycle and SPDIAM application use case using the data of Kaunas city (Lithuania) were
presented using the existing and two alternative networks of Kaunas streets to illustrate
how the identified SP can improve the process of decision-making in territorial planning.

The conclusion can be made that SPDIAM data model based on the theory of CSS,
spatial configuration, spatial capital concepts, space syntax, and VGA creates a computer
model of space and quantifies its configuration which can be used to handle geographic
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and geometric data that are associated with attribute information to perform spatial, mathe-
matical, and statistical calculations. SPDIAM can be used to describe and identify complex
SP (the geographers’ models and Alexander patterns) and to apply them in CSS analysis in
various domains. Such knowledge of SP allows spatial planning and design professionals
to standardize proposed urban planning solutions, model different alternatives, and assess
the impact on complex spatial structure development based on computable measures.
Based on SP, urban development solutions can be compared with each other, thus gaining
additional insights into the causes and factors that are associated with the functioning
of CSS.
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