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Abstract: 

Space syntax uncovers hidden perspectives on geographic spaces and facilitates the study of 

the structure and form of spaces. Correlations of the human movement and space 

configurations are interesting observations revealed by space syntax. Much research 

demonstrates that urban configurations can affect the distribution of human flows in space 

and even form of land use patterns. The high correlation between the human movement and 

space structures can lead to the hypothesis that through this high correlation, it is possible to 

obtain information about a particular type of human activity and the number of people in a 

region. The present research investigates this possibility and tries to generate models for 

predicting the number of people who live in a region and the number of people who work in 

that region. 

The project takes a street network and calculates the space syntax’s measures and length of 

the streets. Based on regional boundaries in which the measures are located, sum, average, 

maximum and minimum of all measures are computed and assigned to the related regions. 

Next, correlations between them and nighttime (the number of people who live in the region) 

and daytime (the number of people who work in the region) populations are calculated. The 

significance test is run to check if the calculated correlations are real. From the significant 

correlations, the measures with high correlations are selected for the regression analyses and 

different regression models are generated. Finally the project selects the model which has 

79% correspondence with the population counts as the result.  

The main application of this method is in Location-Based Services (LBS) which collect 

users’ trajectories via mobile positioning and communication technologies. However, hidden 

information in trajectories can be abused and can threaten the privacy and security of the 

users. Indeed this research is a preface for a new approach for trajectory anonymization. The 

method - based on the street network properties - counts the number of people that live in a 

region and work in another, to construct regions for the user such that the count is above a 

threshold then it cloaks the user’s trajectory within the constructed regions.   

 

Key words: Location-Based Services (LBS), Trajectories anonymization, Space syntax, 

Regression analysis 
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1 Introduction 

1.1 Motivation 

The rapid evolution of geographic data collection technology and digital technologies along 

with the development of the mobile industry make it possible to utilize the spatial information 

on Location-Based Services (LBS) such as the smart phones, personal digital assistants 

(PDA) and tablets.  Through LBS, people can have access to the spatial data and process the 

data on demand in different locations. Interestingly, by application of the LBS, one can locate 

the nearest restaurant or track a friend or an object. These services with embedded GPS can 

continuously collect the users’ location traces which are also referred to as trajectories. This 

innovative functionality in LBS can help users with security issues or emergency reliefs.  

Particularly in urban planning, the information about how people navigate in the surrounding 

geographic spaces can help managing the urban spaces.  By using the peoples’ trajectories, 

decision makers and planners are able to control the use of the spaces and meet the humans’ 

needs when developing the street networks, infrastructures and transportation systems. It is 

also advantageous for politicians to know who their decisions affect, as well as to be able to 

assess how people have been affected by decisions (Ahas and Mark 2005). 

The trajectory data provides empirical evidence for researching about how the people use the 

geographic space and what interactions exist between the space and human as well as 

studying about the people‘s characteristics. Through the trajectories, it is possible to study 

about the human behavior in the geographic spaces and even the human's purposes in using 

the spaces. Cho et al. (2011) have investigated a large number of humans’ trajectories and 

found there are common patterns in human mobility. They represent 10% to 30% of all 

human movements are related to the social activities while the 50% to 70% of their 

movements are induced by the periodic behavior which is related to the users’ movement 

between their homes and workplaces. It is likely that understanding human movement can 

help us solve many of the global problems that our society faces today, such as massive 

migrations and urbanization that bring about transportation and traffic, and the economical, 

ecological, environmental and other adverse - social effects. 

1.1.1 Privacy Problems of Trajectories 

For every simple request, the LBSs have to report the users’ locations to get the desired 

information. Therefore LBS can pave the way for interference in people’s privacy and may 

cause abuses of the obtained information. This can happen by analyzing the users’ trajectories 

information. Frequent daily locations like “home” and “work” can be detected, extracted and 
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used to reveal the identity of the user by linking the geographical coordinates of the frequent 

locations to publicly available registers, e.g., Yellow Pages. Due to this fact, it is not tended 

to share the information with others to preserve the people security. Many countries limit 

what the LBS providers can publish. Privacy issues limit the usage of trajectories even for 

research purposes, while it can be imagined how the potential of trajectories are sacrificed in 

the name of privacy preservation.   

Many studies highlight the privacy concerns in LBS. Barkhuus and Dey (2003) conduct an 

experimental study about the LBS users' concerns. They found that people think the services 

are very useful but all of them worry about their privacy, mainly because the services are 

based on the other parties which are tracking the user's locations. Dobson and Fisher (2003) 

call LBSs as the new form of slavery which can monitor the peoples' locations and threaten 

their privacy and personal freedom.  

1.1.2 Trajectory Anonymization  

To overcome the privacy risks, many studies have sought to devise a method to guarantee 

users’ privacy while providing research information. Barkuus and Dey (2003) suggest a 

simple model in which the users can turn off location detection services. In the method by 

Yao et al. (2012) the user’s location is hidden by incorporating the user’s positions with the 

fake trajectories which are similar to the real trajectories and they are trajectories of N 

neighbors. Between the user and LBS provider, one party is designed as a trusted third party 

(TTP) which receives the user’s locations and mixes them with the injected fake information. 

Then TTP sends this information to the LBS provider so the provider confuses that 

information with the fake trajectories and consequently, it is impossible to distinguish 

between the real ones and fake ones. Mokbel (2006) proposes an approach that the user’s 

location is anonymized based on two factors; the number of users (k) and the area of the 

region (Amin). The users’ location information is concealed base on the defined k and Amin and 

the database server just receives the user region so the exact location is cloaked. 

Methods for preserving the privacy of LBS users can be categorized into two classes; 

anonymity-based techniques: these methods try to protect the link between users and their 

sensitive information by avoiding the possibility of re-identifying them. These techniques are 

based on the concept of k-anonymity (such as the method of Mokbel 2006). It cloaks the 

users’ “true” locations in a way that at least k numbers of different users are indistinguishable 

from one another based on their locations. Obfuscation-based techniques: try to protect 

location privacy of the users by perturbing the user’s location that leads to a degradation of 

the accuracy of the user's location information (Ardagna et al. 2012). The following flow 

chart represents the procedures in the Obfuscation-based techniques in which based on the 

predefined algorithms in the third part or privacy middleware, the user’s trajectory is 

obfuscated and the inaccurate information is sent to the LBS provider. 
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Figure 1: Flow Chart of the Algorithm (Image Source: Ardagna et al. 2012) 

However, all proposed methods have some problems that cannot completely eliminate all the 

privacy concerns. For instance, most of them use a trusted third party between the user and 

LBS provider which based on specific algorithms hide the users’ locations and then the 

locations are sent to this party, so these methods cannot be fully trusted. There should be a 

method that can guarantee the LBS users’ security, thus exchanging information between the 

users and the LBS provider should be direct and without interface. One solution is a method 

that can be implemented on the mobile devices so all private information would be concealed 

in users’ mobile before sending the information.  

1.2 Thesis Aims 

The thesis aim is to find a method that given a geographical region based on publicly freely 

available information estimates 1) the number of people that have their home in the region 

and 2) the number of people that have their work in the region. For this purpose, the project 

considers the street network properties, which reveal that the street network plays a 

prominent role in people’s movement behavior in the geographic spaces. 

There are two different ways to study about the street network properties; geometric and 

topological perspectives. In the geometric way, the size, shape and distance of the streets are 

considered. In contrast, the topological perspective just takes into account the connectivity 

relationships between streets. To generate the required model, all street network properties 

are considered but due to this fact that the topological perspective reveals many important 

hidden patterns in network, this perspective has a more degree of importance in the study. In 

order to analyze the topological pattern of the street network, the space syntax concept has 

been used.  

 The method devised in this thesis is the foundation of a larger trajectory anonymization 

project that tries to find the models which can estimate the number of the people in the work 

and home regions, which is also referred to as daytime and nighttime population respectively, 

and is intended to be used in mobile devices for privacy-preservation purposes. Such a 

method is a necessary prerequisite for a trajectory anonymization method that aims to 

guarantee the users’ trajectories without a trusted component which is placed between the 

user and LBS provider in previously invented methods. Hence, such a method can be 

considered as a first necessary step in k-anonymization of trajectories. For trajectory 
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anonymization it is necessary to know the number of people that will move from a given 

nighttime region to another daytime region. If there is not a method that provides information 

about the total number of people in the nighttime region then there is no chance of knowing 

the number that will move from this nighttime/course region to the daytime/destination 

region. Anonymization based on the knowledge of these region counts or flows between 

regions is NOT based on clustering, but based on spatial cloaking of the parts of the 

trajectory that fall inside the regions, i.e., the parts of trajectory that fall inside the regions are 

replaced with the region. Such a cloaked trajectory protects the privacy of the individual as 

the cloaked trajectory could belong to any one of the persons that live and work in the same 

regions. By using the proposed method, the number of people in the regions can be estimated 

in the mobile devices in a peer to peer manner without the need for trusted components 

Overall, the proposed method of the project employs the theories and methods from space 

syntax to investigate if there are relationships between the space syntax measures and 

population counts at daytime (Nd) and nighttime (Nn) in different regions. If the study finds 

correlations between the sets of data, it will try to quantify the relationships and construct 

models for predicting the population counts for the regions. The project will process data in a 

way that the method can be applied in mobile phones. For this reason the project takes into 

account the natural streets for calculating the space syntax measures instead of axial lines, 

since in mobile devices computing the space syntax measures from axial lines needs defining 

complex algorithms. 

1.3 Related Work  

According to the literature review that has been done, it seems that estimating Nd and Nn  

based on street network properties is a new topic and no studies have been conducted with the 

same concept. However there are some researches which estimate the population counts with 

different methods. For instance Sutton (1997) conducts a study to estimate the population 

density based on the nighttime satellite images, GIS and population count. For hazard 

preparedness, Sleeter and Wood (2006) also estimate the local population of daytime and 

nighttime in a coastal area by using GIS, remote sensing and census data. 

1.4 Thesis Structure 

The remainder of this thesis is organized as follows; In Chapter 2, the space syntax concept is 

described. The method of this project is explained thoroughly in Chapter 3 and through it a 

case study in Copenhagen has been elaborated for more clarification. The results are 

represented in Chapter 4. The Discussion Chapter tries to interpret the project results, 

explains the limitations of the project, the possible ways to improve the results and the 

obstacles affected the result of the present study. Finally Chapter 5 shortly describes the main 

results of the project and it looks to the future studies.  
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2 Space Syntax 

2.1 Space Syntax Theory 

The concept of space syntax was introduced by Bill Hillier and Julienne Hanson in 1984. It is 

a set of techniques for describing different aspects of the relationships between the 

morphological structure of man-made environments and social structures or events 

(Teklenburg et al. 1993). The principle of space syntax is based on the assumption that large 

spaces are not well perceivable for humans from one single viewpoint. Hence space syntax 

breaks down spaces into a network of small ones which are understandable from one single 

viewpoint and then represents them with their relationships to each other on maps. Thus in 

space syntax, the geographic spaces are placed next to each other based on the visual 

perception and connection to others.  

During the last three decades, space syntax has been used for studying the configuration of 

geographic spaces. The space syntax analyses provide two types of information from spaces; 

the connections between spaces and the relationships between the spaces and society. 

Through this modeling of the spaces, it is possible to explore the hidden structures of 

geographic spaces, which cannot be perceived in particular, in conventional maps. In 

conventional maps the dimensions and the positions of the spaces are mostly considered.  

There are different humanly perceivable decompositional elements in space syntax theory; 

including convex space, isovist and axial lines. In convex representation, space is divided into 

convex polygons so that the numbers of the polygons are fewest. A polygon is said to be 

convex if no line drawn between any two points in that polygon goes outside the polygon 

(Jiang et al. 2000). Isovist is the set of all points visible from a given vantage point in space 

and with respect to an environment (Benedikt 1979).  In the axial maps the spaces are 

modeled by drawing longest and fewest lines in the free spaces so the axial maps consist of 

straight intersected lines. In the space syntax analysis, axial line is the most important 

representation method and commonly is used for different applications.  

While axial maps are popular, this representation method has been criticized by many studies. 

Jiang and Claramunt (2002) investigate the limitation of the axial lines for representing the 

spaces. One limitation refers to this fact that axial lines are subjective and they do not exist in 

the real world and it is just a method for representation of the geographic space. Drawing the 

axial lines needs complex computation so this weakness can limit the usage of axial lines. 

Moreover in the axial lines the one single line has morphological properties that it seems not 

logical. In order to overcome the shortcomings, Jiang and Claramunt (2002) propose a 

visibility graph which can substitute axial lines. In this approach the streets are represented as 

nodes. The points are connected to each other if they are visible from each other. However 
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the visibility graph has not been implemented in any software for modeling the spaces up to 

now. 

Ratti (2004) reveals some other limitations of the axial maps. The axial lines discard the 

geometric information and represent spaces based on the topological properties. Both of these 

properties are necessary particularly in urban planning. For instance it is too difficult to find a 

specific place in axial maps since all directions are changed. Furthermore the axial lines do 

not use the height of buildings which affect human movement. Constructing the axial maps is 

an arbitrary process and it is difficult to find same axial maps for a street network. In addition 

axial maps are sensitive to boundary edges and the space syntax measures of a specific street 

are altered by changing the boundary. In other words, with taking into account different 

extents of the city, different values of space syntax measures for a specific street are obtained. 

Turner (2007) shows it is possible to substitute the axial lines with the road-center lines 

which do not need complex computation and they are easily available; therefore, they can be 

used in automatic methods. Figures 2 and 3 show the axial line and natural street for the same 

area. In Figure 3, the natural street map is more understandable because the geometric 

properties of the streets are kept. The red lines represent the integrated streets in the area on 

both maps. As it can be seen in the maps, the same streets have higher integration in the maps 

and there are just a few streets in the natural street map which are different from axial map. 

In addition Jiang and Liu (2009) examine the correlation between traffic flows, axial map and 

natural street map and reveal that the natural street representation is better than axial maps in 

predicting the traffic flow. Therefore the present study has used the natural streets for space 

syntax analysis, since it is looking for a method that can be applied in the mobile devices. 

Hence the street segments can be a better format for this purpose. 

 

Figure 2: Axial Lines  
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Figure 3: Natural Streets  

Space syntax can be integrated into GIS software. The high capability of GIS in computation 

and visualization could facilitate the usage of the space syntax tools. In the past the space 

syntax representation methods and the space syntax measures were calculated by hand but 

nowadays there are many tools, extensions and software products that analyze street networks 

automatically. In the following, some of the most popular software and toolboxes, which are 

useful in the space syntax analysis, are introduced. These tools and software products can be 

freely downloaded though different websites:  

 Urban Network Analysis (UNA): It is an extension for ArcGIS. The UNA considers 

the natural streets and provide various space syntax measures. This tool can consider 

the geometric and topological perspectives of the network in the analysis together. 

The toolbox is able to take into account streets and buildings, since buildings are also 

important in shaping the geographic space.  

 Confeego: the extension is plugged in MapInfo Professional GIS software. This 

software is free for non-commercial purposes. 

 Depthmap: it is a software produce that can prepare the axial lines, convex space and 

isovist. It can calculate the space syntax measures and draw the visibility graph. 

 sDNA: This toolbox works with ArcGIS and CAD. It is so a very powerful tool that 

can provide metrics and angular space syntax measures. It is free for non-commercial 

purposes. 

 Axwoman: This extension integrates into ArcGIS. It can generate the axial lines and 

analyze both axial lines and natural streets.  



8 

 

 

2.2 Space Syntax Measures 

The space syntax representation methods provide useful information about the properties of 

streets in the network. Connectivity, choice, local and global integration are space syntax 

measures that have been used for network analysis. Connectivity measure determines the 

number of the links that each street has in the network. For example if a street in a city is 

connected to 4 other streets, then its connectivity is 4. The connectivity is the simplest and 

important measure in the space syntax. The second measure is choice (which is commonly 

called Betweenness), and is the number of alternative least-cost routes from one space to a set 

of other spaces (Hillier et al. 1987). A space has a high choice value when many of the least-

cost paths, connecting all spaces to all spaces of a system, passes through it (Klarqvist 1993).  

In order to clarify the integration measures, first one needs to define the notions of depth, 

Real Asymmetry (RA), relative asymmetry of the root of the diamond-shaped graph (Dk) and 

Real Relative Asymmetry (RRA). In the axial maps the distance between line i and j is, 

generally, measured by the number of depth or axial lines located on the shortest path joining 

them (Kruger 1989). A line is at the depth 1 from another if it is directly accessible to it, at 

depth 2 if it is necessary to pass through one intervening line in order to move from one to 

another, at depth 3 if a minimum of two lines must be passed through and so on (Hillier et al. 

1987). 

To illustrate the depth for each street in space syntax analysis, a special representation of a 

graph known as justified graph is commonly used. In the justified graph, all streets are 

represented as nodes and the interest street is placed in the bottom of the graph as the ‘root’. 

The nodes are placed in higher level based on the depth from the root. The node in the root 

has depth 1 and the nodes, that access to the root directly, have depth 2 and the nodes are 

above the second level are depth 3 and so on. 

Given the depth measure between two nodes and the constructed justified graph, the total 

depth of a node i is defined as the sum of depth between the node i and every other node in 

the graph. Analogously, the local depth of a node i is defined the same as total depth but local 

depth does not take into account all nodes in the graph and just considers k distance away 

from node i.  

di= 
   
   dij 

Formally k is the number of nodes in the network, di is the total depth of the node i, dij is the 

depth between nodes i and j, and i and j are nodes in the connectivity graph. 

The other notion in the space syntax is mean depth which calculated by the following 

formula: 

MDi=dij (k-1) 

Mean depth values determine how segregated on average a street is from other streets in the 

network. To standardize the variation of the mean depth between zero and one, RA is 
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employed which is simply calculated by substituting min and max values of mean depth in 

the above formula (mean depth formula): 

RAi =2(MDi-1)/(k-2) 

 The streets with RA values close to one are defined as segregated streets and streets with RA 

close to zero are integrated streets. However, RA is not a good index for comparing different 

networks with each other, since the size of network influences the RA value. In order to 

overcome this problem, RRA and Dk are employed which standardize the RA and remove the 

effect of the size. In order to minimize the size effect of RA, a special form of justified graph 

is used, which is called diamond-shaped graph.  

 

 

Figure 4: View of Diamond-Shaped Graph (Image Source: Kruger 1989) 

Dk is the relative asymmetry of root diamond-shaped graph which is obtained through some 

calculations on this graph. 

Dk= 
                        

          
 

Then RRA can be calculated by the following formula: 

RRAi= RAi/Dk  

The RRA has values above and below one; the values below 1 determine integrated streets 

and the values above 1 belong to segregated streets.  

The third parameter is integration which is the most crucial concept in the street network 

analysis. The integration measure indicates how a street is integrated and how much is close 

to other streets in the network. The streets which have the lowest depth are more integrated 

and the segregated streets have the highest possible depth value. If in calculating the 

integration, whole streets in the network are considered, it is named as global integration. 
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Otherwise it is called local integration which is taken into account just two steps away from 

the interest street or the street is in the root. The following formula represents this parameter:  

GIi= 1/ RRAi 

The high values of global integration belong to integrated streets and low value of global 

integration represents segregated streets (Enstrom and Netzell 2008, Kruger 1989, Hillier et 

al. 1984, Jiang and Claramunt 2002). 

2.3 Applications of Space Syntax  

The space syntax measures particularly integration are commonly used in urban planning. 

The efficiency of this concept has been proven by many studies:  Feng et al. (2012) compare 

the urban structure of a city in China by constructing space syntax maps for different years. It 

is found unlike other cities that the center parts of the organic cities have kept robust, this city 

center has changed in location and size during recent 200 years because of geographic 

condition in the area.  Jones and Fanek (1997) use space syntax measures to determine the 

potential locations for criminal activities. It is demonstrated that there is a relationship 

between the crime data and space syntax measures. They found the streets with higher 

integration values, which have higher human movements, have lower rates of criminal 

activities since a high number of people increase the risk of detection of criminals. The 

locations with lowest integration values have the highest number of crimes because these 

areas are safer for criminal activities. 

Consequently, through the space syntax theory, it is possible to infer why some areas in a city 

are more populated and why some areas are abandoned or in the open spaces of a city, it 

exposes the potential for people to get together by superimposing the field of operation and 

the field of view (Önder 2010). In addition it can be predicted in which areas of the cities 

people are safer and where cities’ governors should focus for prevention of crime. However 

the space syntax method is not just a scientific tool for explaining the relation between form 

and function, it may provide the foundations for understanding how to design an urban area 

or a building, as well as provide a mean for testing design conjectures (Jiang et al. 2000). 

It is so interesting that the space syntax can find this valuable information based on the street 

network properties without considering some other information such as the land uses, social 

classes of the people settle in an area and so forth.  Based on these findings, it seems that 

there should be a correlation between the number of people in a given region and space 

syntax measures for that region. Moreover, it is plausible that space syntax measures can 

even explain what movement gives rise to the changes between the daytime and nighttime 

population count. The goal of this thesis is to investigate these questions.  
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2.3.1 Space Syntax and Human Movement 

Through different studies, correlations between the topological and geometric properties of 

the urban spaces and human movements are demonstrated. Hillier et al. (1993) find that the 

configuration of urban space has strong correlation with pedestrian movement in geographic 

spaces. They claim that the urban morphology is the primary generator of human movement 

in the geographic spaces. Through the empirical studies for three different parts of London, 

they prove that the integration measure has a strong relationship with a number of 

movements. Penn et al. (1998) find the street networks are not static components of the cities 

and they play a constructive role in patterns of human movement. It is proven that even the 

vehicular movement on the roads is influenced by the network configuration. 

 
Figure 5: Correlation between the Vehicular Flow and Integration Measure in an Area in London (r= 0.83) (Image 

Source: Penn et al. 1998) 

 Hillier and Iida (2005) investigate four different areas in London. Through the correlation 

analyses between street properties such as deflection angle, length, betweenness and 

closeness, they find that there are strong relationships between vehicular and pedestrian 

movements with these measures. Jiang (1999) examines the pedestrian movement by using 

multi-agent simulation which simulates an artificial world and space syntax concept. He finds 

the urban structures have great effects on human movement in urban spaces.  Peponis et al. 

(1997) also use the space syntax measure and examine the urban areas in Atlanta and find the 

correlation between the pedestrian and vehicular movement and spatial configuration.  

The proven correlations between the structure of the spaces and human navigations make 

many researchers try to generate an appropriate model for predicting the human movements. 

The researches of Haklay et al. (2001) and, Borgers and Timmermans (2005) are two samples 

of the attempt to devise a model for simulating the pedestrian movement in the space. Most 

of these models are based on the human behaviors in the spaces and their route choices. 
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3 Materials and Methods 

This section describes the general steps which are taken in the proposed method and 

illustrates and evaluates these steps on a case study. The section also talks about materials 

and tools. 

3.1 Software 

All procedures can be run in ArcGIS and MATLAB. Axwoman 6.0 is used to calculate the 

space syntax measures. This extension can be applied to a large network. 

3.2 Data 

The street network can be downloaded from OpenStreetMap (OSM)
1
. OSM provides free 

geographic data that include land use, footpath, cycle ways, and administrative boundaries. 

The database is built by contributors, usually called mappers within OSM who gather 

information by driving, cycling or walking along streets and paths and around areas recording 

their every move using Global Positioning System (GPS) receiver (Bennett 2010). The 

population counts for interest regions and administrative boundaries of the regions can be 

obtained from statistical organizations. In Sweden, SCB
2
 provides statistics for research and 

decision making. However this kind of data should be purchased. This data is in the form of a 

polygon shapefile, which constitutes the parish
3
 boundaries, the number of people who live 

(have their residences in) in each parish (Nn) and for each pair of parishes the combination of 

the number of people who move from the nighttime parish (residential parish) (Pn) to the 

daytime parish (work parish) (Pd), Nm (Pn, Pd).  

The daytime population is calculated by following formula: 

Nd = Nn – OP – IP 

where OP is the total number of people who go out of parish for work: 

OP =   
    Nm (P, Pi) 

and IP is the total number of people who come into a parish: 

                                                 
1
 http://www.openstreetmap.org/ 

2
 http://www.scb.se/ 

3
 A parish is a church territorial unit constituting a division of a diocese. A parish is under the pastoral care and clerical jurisdiction of a parish 

priest, who might be assisted by one or curates, and who operates from a parish church. Historically, a parish often covered the same geographic 
area and shared the same name as a manor. (Wikipedia) 

http://www.openstreetmap.org/
http://www.scb.se/
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IP =  
    Nm (Pi, P) 

The primary function of urban form and structure is to accommodate and facilitate human 

activities. There are many different kinds of activities that take place at different times in 

space. Urban form and structure accommodate all of these activities. From the point of view 

of the problem at hand (trajectory anonymization via clocking of home and work locations), 

two particular, significant and relevant activities are "residing at home" and "working". As it 

is not clear if or how well space syntax can be used to approximate a particular type of 

activity and usage of space, the thesis investigates how space syntax measures can 

approximate the day Nd and night Nn population count as well as their combination: mean and 

sum of the population counts (Nmean and Nsum): 

Nmean = (Nd +Nn ) /2 

Nsum = Nd +Nn 

3.3 Method  

To study about the possible relationship between population counts and space syntax 

measures and to generate models for predicting the daytime and nighttime populations for a 

given region, the project needs some data such as a large street network, regional boundaries 

in which the network is located and population counts at day and nighttime. For this project 

the geographic location of the street network is not important since the project looks for a 

method which can be employed for all networks. However having knowledge about the study 

area is an important factor that can help the project to make decision and interpret the results 

of the project. For this purpose Stockholm network was the best selection but the project 

cannot manage to obtain the population data.  For this reason, the street network of an area in 

Denmark is selected from OSM which is a large network and the population counts and 

regional boundaries have been purchased before.  

 The area includes Copenhagen and cities on its periphery. The greater Copenhagen area is 

one of the most populated in the Northern Europe. According to the census, the greater 

Copenhagen area has a population of 1,954,411 (2013). It is located between Baltic Sea, 

North Sea and Sweden. Malmö is a Swedish town which connects to Copenhagen by 

Øresund Bridge. The Copenhagen includes several municipalities. The Copenhagen 

municipality is located in the central part of the study area and it has a population of 549,050 

(2012).  Frederiksberg municipality is the next largest with a population of 100,814 (2012). 

In the study area, a number of lakes such as Arresø and Buresø make some part of parishes 

disconnected from other parishes. In the west part of the study area, there is a long branch of 

Isefjord that is called Roskilde Fjord. There are a lot of small islands in Roskilde Fjord. Most 

of them are protected habitats for birds, therefore they are not considered in this study. In the 

south east of the study area, there is an artificial island on the way of Copenhagen and 

Malmö, which is called Peberholm. It is likely that no one works or lives on Peberholm, 

while as it can be seen in Figure 7, this region has a population at daytime. Peberholm Island 
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belongs to the Amager, which is a part of Copenhagen center and has the international airport 

of Copenhagen (Kastrup Airport) therefore the project encompasses this island.  

 
Figure 6: Location of the Study Area (Image source: OpenStreetMap) 

The study area comprises 268 parishes and each parish has a specific amount of population 

counts for daytime and nighttime. The nighttime population count includes the number of 

people who live in the parish and stay in the parish during the night. The daytime population 

of the parish is the number of people in the working hours which include the number of 

retired people, housekeepers, children and people who come to that parish for work. The 

population counts are obtained from Denmark statistics which have been collected from 

2003-2004. In the study area, the most populous parish has 20,686 and 39,384 inhabitants at 

nighttime and daytime, respectively, while the least populous parish has 2 and 187 

inhabitants at nighttime and daytime in the study area, respectively.  

Table 1: Summary of the Populations in Study Area 

 Sum Mean Max Min Standard Deviation 

Nn 1,835,699 6849.62 20686 2 4227.16 

Nd 1,861,538 6946.03 39384 187 6053.06 

Nmean 2,766,468 10322.64 37561.5 130 6484.71 

Nsum 3,697,237 13795.66 54437 258 9195.31 
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 Figure 7 represents the study area. The circles on the map symbolize the population at 

daytime (Nd).   

 
Figure 7: Study Area and Population Count in Daytime 

In order to devise a method for estimating population counts, a number of different 

processing is done on the data. Firstly, the street network is preprocessed to generate 

topology, delete the isolated streets and to construct the natural streets. Secondly, by using 

Axwomen, different space syntax measures such as depth, integration and connectivity are 

calculated. In the next step, the space syntax measures within parishes are aggregated and 

assigned to the polygons of regions. These aggregations are the calculation of mean, sum, 

min and max of the measures. Next, the correlation between the measures and Nd and Nn of 

the parishes are calculated. Through scatter plots and correlation coefficient values, it is 

possible to make decisions about the existing relationships between data. To make sure that 

the found relationships between the data are real, statistical significance test is run. Then the 

significant relationships are selected for the regression analyses. The regression analyses try 

to generate models for predicting the dependent variables; Nd and Nn based on the 

independent variables. Figure 8 represents the flow chart of the procedures in this project.  

 

 



16 

 

 

 

The preprocessing part is an important step in the analysis, in particular building natural 

roads.   

 
 Figure 8: Flow Chart of the Procedures 

3.3.1 Preprocessing the Street Network 

The data is preprocessed before space syntax analysis. Firstly, the isolate segments are 

detected. The isolate segments are those which are not connected to other parts and most of 

them are located near the boundary area. There are a few isolate segments in the study area 

which are removed. In the Axwoman, there is a tool which can select the isolate segments in 

the network. In the next step, street shapefile is exported to the coverage data since this data 

format constructs topology for the streets in the ArcGIS. There is a tool in ArcToolbox for 

this purpose. Finally the natural road is built from the streets.  

The natural street is a kind of pre-processing before calculating the space syntax measures in 

the project. Through this preprocessing, neighboring segments are joined with each other 

based on deflection angle. The deflection angle cannot be greater than predefined angle. If 

this angle is greater than the defined threshold, the segments are not joined. This concept 

comes from the Gestalt principle of good continuity which suggests that humans choose 

routes based on the angle between them and tend to select the best fit segment, to form a 

natural street, rather than a worse one (Liu 2012). Jiang et al. (2008) show the ideal threshold 

for generating natural roads is 45 degrees so in this project this threshold has been 

considered. There is a tool in Axwoman which builds natural roads for street segments of the 

network. 

3.3.2 Space Syntax Analysis 

After building the natural streets from the data, the space syntax measures can be computed. 

This project uses the Axwoman tool and calculates connectivity, local and global integration, 

local, total and mean depth. In addition the lengths of the streets are calculated and some 

measures are weighted based on the street lengths such as local and global integration and 

mean depth, since it is likely that the lengths of the streets correlate with the population 

counts. The lengths of the streets can be calculated by the “calculate geometry” tool in 

ArcGIS.  
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3.3.3 Assigning Space Syntax Measures to Parish Polygons 

In order to assess the population counts with streets measures in each parish, the project 

should summarize the measures and assign them to parish polygons. Therefore the average, 

sum, minimum and maximum of the measures (weighted and unweighted) are calculated 

based on the boundary of each parish and are assigned to the parishes.  For this purpose, one 

model in ArcGIS is built. The model selects each row of parish polygon and then the streets 

which are intersected by the selected parish are chosen. The maximum, minimum, average 

and sum of the measures of these streets are calculated by summary tool and the results are 

put in a table. The append tool in the model is used to merge the results of the summary tool 

for parishes into a unified result table.  

The output is a table which includes all summary of measures that are assigned to the 

parishes so this table has 268 rows. One important thing in this analysis is, there are some 

multiple polygons that belong to one parish and have the same population counts. These 

polygons can cause confusion in further analysis. To deal with this problem, all the measures 

of multi-polygons, which belong to one parish, are aggregated and assigned to all multi-

polygons. 

 
Figure 9: Model for Aggregating Measures and Assigning to the Parish Polygons 

3.3.4 Pairwise Correlation Analyses 

The calculated measures and population counts are analyzed to evaluate the correlation. The 

correlation analyses are used to detect if there is a relationship between data and determine 

how strong is the relationships between them. The scatter plot is a helpful tool to examine if 

there is a relationship between dependent and independent variables and to investigate the 

strength of the correlations visually. Through the plots, relations of the variables to each other 

can be distinguished. If there is a trend between two variables in the plots, it can conclude 

that these variables are correlated and can be modeled by regression analyses. 

The correlation coefficient or R is another way that is commonly used in statistic to determine 

the degree of relationship between two variables. The correlation coefficient is often referred 

to as Pearson’s product-moment R or R coefficient (Taylor 1990). R value never exceeds -1 
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and 1. It determines how much a variable is expected to change with respect to a change in 

the other variable. The magnitude and direction of the R are important to decide about the 

degree and direction of the correlation. The positive R shows that two variables change in the 

same direction and negative values indicate the variables change in different directions. The 

correlation analysis with 0 represents that the variables have no linear correlation. The strong 

correlations between variables have R values close to ±1.  

The R value between X and Y variables can be computed by the following formula   and   

values are the average of the X and Y. This measure is symmetric so R (X, Y) = R (Y, X). 

R(X, Y)= 
                

                    
 

Although R value is well-known for correlation analysis in statistics, interpreting the R value 

is difficult. Thus, in correlation analysis, the coefficient of determination or R²  is employed 

which is more meaningful. R² is a more conservative measure of the relationship between the 

two variables and is preferred by many statisticians (Taylor 1990). R² is the square of the 

correlation coefficient (R) and has a value between 0 and 1. The value closer to 1 shows 

strong correlation and the value close to zero represents low probability for linear correlation. 

R² is generally expressed in percentage which represents the percent of association between 

two variables. For instance R²=0.88 is interpreted as 88% correlation between two variables. 

The interpretation of R² in percent makes it easier to explain the association between 

variables with high accuracy. Thus, if a correlation coefficient of R = 0.20 was observed 

between variable x and variable y, then the coefficient of determination is R² = 0.04. This 

means that only 4% of the total variation in variable y can be explained or accounted by 

variation in variable x (Taylor 1990). 

The project uses scatter plot and R² to examine which variables are correlated to the 

population counts. In addition the project examines the found correlations between the 

variables to insure that they are statistically significant, i.e., are real and they do not occur by 

chances. Thus every R value is examined by statistical testing. In other words, before the 

statistical testing, it is difficult to claim that two variables have a real relationship and a 

change in one of them will affect the other one. In order to justify the R values, a significance 

test should be done. There are different methods for this purpose that one of them is p-value. 

 The p-value is a number between 0 and 1 representing the probability that this data would 

have arisen if the null hypothesis were true (Fenton and Neil 2012). It is an informal index to 

be used as a measure of the discrepancy between the data and the null hypothesis (H0) 

(Goodman 1999). A low p-value (such as 0.01) is taken as evidence that the null hypothesis 

can be ‘rejected’ (Fenton and Neil 2012). Therefore, for those two variables, which have high 

R or R² and low p-value, can be claimed that the relationship really exists. The p-value can be 

extracted from standard statistical tables by using some information. The standard statistical 

tables can be found on the websites or statistical books. The required information for 
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obtaining p-value from the statistical tables can be the value of the Student's t-distribution (t)
4
 

and degree of freedom. The t value can be calculated by the following formula:  

t= R 
   

    
 

where n is the data size and (n-2) is called the degree of freedom. In this study, the data size 

(n) is 268 so the degree of freedom is 266. According to the calculated t value and degree of 

freedom, the p-value is specified. Then based on the p-value, the critical value of the R is 

determined by the tables which can find in the websites or statistical books. Then the critical 

value of the R is compared with observed R value. If the observed R value is larger or equal 

to the critical R value, this is proved that the correlation between the variables is real. 

Otherwise the relationship occurs by chance. 

3.3.5 Regression Analyses 

Based on the numerical values of the R², some measures with high and significant pairwise 

correlations are selected. Then the regression analyses are run on these measures in ArcGIS. 

The regression analysis generates the statistical model for estimating the dependent variable 

based on a set of independent variables. The most common method for regression is Ordinary 

Least Squares (OLS). This method tries to minimize the sum of the squares of the deviations 

between the dependent variable and the value predicted by the linear combination of the 

independent variables. OLS assumes a constant linear relationship between the dependent and 

independent variables that is independent of the location, i.e. constant over space. Therefore, 

OLS is an appropriate method for the data with constant and linear variance. The OLS is also 

called global regression. This regression cannot generate a good model for non-stationary 

spatial data.  

To achieve the ideal model for non-stationary data (relationships change over the space), 

Geographically Weighted Regression (GWR) method is used. GWR allows complex spatial 

variations in parameter estimates to be identified, mapped and modeled (Brunsdon et al. 

1996). Unlike OLS which just constructs one equation for all data, the GWR builds equations 

for each part of space (for example in this project each parish in the dataset) so this method is 

categorized into the local regression. In comparison to other local regression methods, GWR 

has superior characteristic particularly in analyzing geographic data, since it is based on the 

first law of geography
5
. In modeling the variables, GWR assumes that the data near to the 

specific point in the space has more influence on estimation than the farthest points. Figure 

10 is a comparison between the global regression (Line A), one method of local regression 

(Line B) and GWR (Line C). Although line A fit the data (circles), the model does not include 

all data. Line B is one type of local regression model and it fits the data better than A but 

again the model misses some data. Line C which is GWR, includes more data in comparison 

                                                 
4
 For pairs from an uncorrelated bivariate normal distribution, the sampling distribution of Pearson's correlation coefficient follows Student's t-

distribution with degrees of freedom n – 2. This also holds approximately even if the observed values are non-normal, provided sample sizes are 

not very small (Wikipedia) 
5
 The first law of geography according to Waldo Tobler is "Everything is related to everything else, but near things are more related than distant 

things (Wikipedia) 
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with line A and B, since the model is weighted based on the distance to the data 

(Fotheringham et al. 2003). 

The global regression model is: 

Y= β0+ Ʃ βi Xi+ε 

Y= Dependent variable, Xi= Independent variables, β0, βi= Coefficients, ε= Random residuals 

This equation for the local regression is: 

Yi= β0i+ βi Xi+εi 

 

 
Figure 10: Comparison between the Local and Global Regression (Image Source: Fotheringham et al. 2003) 

 The residuals of the GWR model (εi) are assumed to be independent and follow a normal or 

asymptotically normal distribution (Yu et al. 2009). Sometimes this is called iid which means 

independent and identically distributed (Charlton and Fotherringham 2009). In other words, 

the residuals of GWR model do not have spatial autocorrelation and a residual has no impact 

on other neighbor values. Independency and normality of the residuals are preliminary 

assumptions in linear regression analyses. These assumptions are necessary to obtain 

meaningful inference from the regression analyses.  

To reach the best fit models for the population counts, the project repeatedly constructs 

models with different variables and their combinations with OLS and GWR regression 

methods. By the comparison of the models, the best population models are selected. All 

processes of the regression analyses are done in ArcGIS in which there are tools for 

generating OLS and GWR models.    
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4 Result 

This study examines two models for predicting Nd and Nn. It assumes that by using space 

syntax measures, it can generate models of Nd and Nn, since space syntax measures reflect the 

pattern of human’s movements in geographic spaces. To investigate this hypothesis, the 

project takes a case study in Denmark. The street network has been downloaded from OSM 

and the space syntax measures have been computed. Based on the region polygons, the 

parameters were summarized and assigned to the polygons and then the correlation analysis 

has been conducted. The R² values for all dependent variables in comparison to the 

independent variables have been calculated and examined in case they were statistically 

significant. The following subsections describe the result of each step in detail along with the 

maps and tables.   

4.1 Space Syntax Measures 

The space syntax measures such as connectivity, local and global integration, local depth, 

total depth and mean depth for the whole study areas are calculated.  

  
Figure 11: Street Network of the Study Area base on Connectivity Measure (See Figure 12 for Rectangular Area) 
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Figure 12: Center Part of Copenhagen Based on Connectivity Measure 

4.2 Pairwise Correlation Analyses 

Figures 13-16 are a kind of scatter plot which are called matrix plots. The matrix plot 

represents the correlations between several variables by subplots in a big plot. In other words, 

the matrix plot is a matrix in which the arrays are scatter plots of variables against each other. 

In each subplot one can see one pairwise correlation between two variables. The matrix plot 

is a square matrix which the number of small plots in each axis is the number of variables. 

For instance, when there are five variables, the matrix plot has five subplots in each axis. 

Matrix plots show the relationships between multiple variables in a comparative way so it is 

easy to study about the relationships between variables and compare them with each other. In 

addition, the subplots, which are located in one of the diagonals of matrix plot, indicate one 

variable in their both axes. These subplots represent the histograms of the respective variables 

so they can provide valuable information about the distribution of each variable.  
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Figure 13: Plot of Connectivity Measure and Nmean  

 

Figure 14: Plot of Connectivity Measure and Nn 
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Figure 15: Plot of Connectivity Measure and Nd 

 

Figure 16: Plot of Connectivity Measure and Nsum 
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Table 2 shows R² values between street measures and population counts. As it can be seen 

mean and sum of population counts (Nmean , Nsum) have a stronger correlation in comparison to 

the population counts in nighttime and daytime (Nd , Nn). For instance R² value of the sum 

connectivity measure is 0.52 but these values for nighttime and daytime are 0.43 and 0.40 

respectively. However, to ensure that the correlations are real, they are examined to see if 

they are statistically significant. Table 3 represents t values. 

Table 2: R² and R Values of Measures  

Measures R² (Nn) R (Nn) R² (Nd) R (Nd) R² (Nmean) R (Nmean)  R² (Nsum) R (Nsum) 

MC 0.018 0.13 0.083 0.29 0.049 0.22 0.063 0.25 

SC 0.439 0.66 0.4 0.63 0.528 0.73 0.519 0.72 

maxC 0.075 0.27 0.113 0.34 0.112 0.33 0.12 0.35 

minC 0.004 0.06 0 0.00 0.003 0.05 0.002 0.04 

SMD 0.113 0.34 0.031 0.18 0.091 0.30 0.073 0.27 

MMD 0.004 0.06 0.009 0.09 0.007 0.08 0.008 0.09 

maxMD 0 0.00 0.007 0.08 0.002 0.04 0.003 0.05 

minMD 0.134 0.37 0.135 0.37 0.168 0.41 0.168 0.41 

SGI 0.337 0.58 0.175 0.42 0.33 0.57 0.294 0.54 

MGI 0.026 0.16 0.054 0.23 0.046 0.21 0.051 0.23 

maxGI 0.157 0.40 0.16 0.40 0.198 0.44 0.198 0.44 

minGI 0 0.00 0 0.00 0 0.00 0 0.00 

SLI 0.323 0.57 0.196 0.44 0.333 0.58 0.306 0.55 

MLI 0.030 0.17 0.079 0.28 0.059 0.24 0.070 0.26 

maxLI 0.113 0.34 0.113 0.34 0.141 0.38 0.141 0.38 

minLI 0.007 0.08 0.009 0.09 0.01 0.10 0.01 0.10 

STD 0.096 0.31 0.019 0.14 0.071 0.27 0.055 0.23 

MTD 0.009 -0.09 0.018 -0.13 0.015 -0.12 0.018 -0.13 

maxTD 0 0.00 0.007 0.08 0.003 0.05 0.005 0.07 

minTD 0.107 0.33 0.097 0.31 0.129 0.36 0.126 0.35 

SLD 0.375 0.61 0.373 0.61 0.468 0.68 0.467 0.68 

MLD 0.025 0.16 0.056 0.24 0.046 0.21 0.052 0.23 

maxLD 0.152 0.39 0.174 0.42 0.203 0.45 0.207 0.45 

minLD 0.004 0.06 0.005 0.07 0.006 0.08 0.006 0.08 

SL 0.264 0.51 0.225 0.47 0.309 0.56 0.301 0.55 

ML 0.0268 0.16 0.071 0.27 0.053 0.23 0.062 0.25 

SWG 0.292 0.54 0.193 0.44 0.311 0.56 0.289 0.54 

MWG 0.032 0.18 0.119 0.34 0.077 0.28 0.095 0.31 

maxWG 0.1237 0.35 0.161 0.40 0.173 0.42 0.181 0.43 

minWG 0.031 0.18 0.040 0.20 0.043 0.21 0.045 0.21 

SWLI 0.291 0.54 0.216 0.46 0.323 0.57 0.307 0.55 

MWLI 0.025 0.16 0.125 0.35 0.072 0.27 0.094 0.31 

maxWLI 0.109 0.33 0.108 0.33 0.136 0.37 0.136 0.37 

minWLI 0.021 0.14 0.038 0.19 0.035 0.19 0.038 0.19 

SWMD 0.113 0.34 0.045 0.21 0.101 0.32 0.086 0.29 

MWMD 0.011 0.10 0.046 0.21 0.028 0.17 0.036 0.19 

maxWMD 0.074 0.27 0.102 0.32 0.106 0.33 0.112 0.33 

minWMD 0.048 0.22 0.065 0.25 0.069 0.26 0.073 0.27 
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Table 3: t Values of Measures: 

Measures t (Nn) t (Nd) t (Nmean) t (Nsum) 

MC 2.19 4.91 3.7 4.23 

SC 10.8 13.32 17.25 16.94 

maxC 4.47 5.82 5.79 6.02 

minC 1.03 0 0.89 0.73 

SMD 5.48 2.92 5.16 4.58 

MMD 1.03 1.55 1.37 1.46 

maxMD 0.00 1.37 0.73 0.89 

minMD 5.97 6.44 7.33 7.33 

SGI 9.46 7.51 11.45 10.52 

MGI 2.63 3.9 3.58 3.78 

maxGI 6.46 7.12 8.1 8.10 

minGI 0 0 0 0 

SLI 9.26 8.05 11.52 10.83 

MLI 2.82 4.78 4.08 4.47 

maxLI 5.48 5.82 6.61 6.61 

minLI 1.36 1.55 1.64 1.64 

STD 5.05 2.27 4.51 3.93 

MTD 1.55 2.21 2.01 2.21 

maxTD 0 1.37 0.89 1.16 

minTD 5.33 5.35 6.28 6.19 

SLD 9.98 12.58 15.3 15.27 

MLD 2.58 3.97 3.58 3.82 

maxLD 6.36 7.49 8.23 8.33 

minLD 1.03 1.16 1.27 1.27 

SL 8.38 8.79 10.91 10.7 

ML 2.67 4.51 3.86 4.19 

SWG 8.81 7.98 10.96 10.4 

MWG 2.92 5.99 4.71 5.28 

maxWG 5.73 7.14 7.46 7.67 

minWG 2.87 3.33 3.46 3.54 

SWLI 8.79 8.56 11.27 10.86 

MWLI 2.58 6.16 4.54 5.25 

maxWLI 5.38 5.68 6.47 6.47 

minWLI 2.36 3.24 3.11 3.24 

SWMD 5.48 3.54 5.47 5 

MWMD 1.71 3.58 2.77 3.15 

maxWMD 4.44 5.5 5.62 5.79 

minWMD 3.57 4.3 4.44 4.58 

 

Based on the calculated t values, the p-values and critical values of the R are extracted from 

standard statistical tables. Through the comparison of the observed R value and the critical R 

value, the project can distinguish the measures which have real relationships. In Table 3, the 

measures with real relationships are highlighted. The other measures are not significant and 

their relationships occur by chance. The project does not take into account those measures 

which are not significant in further analyses. For instance, as the significance test shows the 

relationships between maxTD and population counts are not real so this measure is not 

considered in regression analyses. 

Furthermore, the project does not look for the correlated measures with each other since these 

measures make the regression analyses invalid. For instance the global integration measure is 

correlated to the local integration measure since they have the same concept and the only 

difference between them is the number of steps they consider for calculating the integration 

of a street in the network. It is obvious that the combination of the local and global 
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integration in the regression model is not an appropriate model. It looks like that one measure 

is considered two times in a regression analysis. As a result, the project computes the 

correlation between the measures to make sure that the duplication of the measures does not 

occur in the regression analysis. If two measures are correlated to each other, the project does 

not consider both of them in the same regression analysis. Table 4 represents the R² between 

measures. Moreover, the project does test of significance to make sure that the found 

correlations are real. Table 5 shows t values. The measures which are represented in bold 

have real relationships. 

Table 4: R² between Measures 

 MC SC 
SM

D 

MM

D 
SGI 

MG

I 
SLI 

ML

I 
STD 

MT

D 
SLD 

ML

D 
SL ML 

SW

G 

MW

G 

SW

LI 

MW

LI 

SW

MD 

MW

MD 

MC - 0.03 0.03 0.10 0.01 0.36 0 0.63 0.06 0.01 0.06 0.9 0.01 0.66 0 0.19 0 0.26 0.02 0.07 

SC 0.03 - 0.37 0.01 0.64 0.03 0.73 0.03 0.34 0 0.79 0.03 0.73 0.03 0.54 0.05 0.59 0.05 0.35 0.04 

SMD 0.04 0.38 - 0.05 0.78 0 0.82 0.01 0.97 0.1 0.08 0.05 0.35 0 0.71 0 0.71 0 0.93 0.07 

MMD 0.02 0.1 0.05 - 0.05 0.78 0.05 0.57 0.09 0.32 0 0.02 0.06 0.31 0.08 0.54 0.09 0.41 0.07 0.74 

SGI 0.01 0.64 0.78 0.22 - 0 0.91 0 0.74 0.22 0.26 0.01 0.63 0.01 0.88 0.01 0.79 0 0.74 0.08 

MGI 0.03 0.36 0 0.78 0 - 0 0.87 0.03 0.16 0.02 0.2 0.04 0.43 0.02 0.69 0.03 0.61 0 0.59 

SLI 0 0.74 0.82 0.05 0.92 0.01 - 0 0.77 0.05 0.37 0 0.61 0.02 0.8 0.02 0.85 0.01 0.76 0.08 

MLI 0.63 0.04 0.01 0.57 0 0.87 0.01 - 0.04 0.08 0.04 0.45 0.03 0.58 0.01 0.61 0.02 0.64 0 0.47 

STD 0.06 0.35 0.97 0.09 0.74 0.03 0.77 0.04 - 0.11 0.01 0.05 0.32 0 0.65 0.02 0.64 0.03 0.89 0.02 

MTD 0.01 0 0.1 0.32 0.23 0.16 0.05 0.08 0.11 - 0.07 0 0.03 0.03 0.05 0.02 0.05 0.06 0.09 0.14 

SLD 0.06 0.79 0.08 0 0.26 0.02 0.37 0.04 0.01 0.07 - 0.09 0.48 0.01 0.21 0.04 0.28 0.06 0.07 0 

MLD 0.91 0.03 0.05 0.02 0.02 0.2 0 0.45 0.05 0 0.09 - 0.02 0.55 0.01 0.07 0 0.11 0.03 0 

SL 0.01 0.79 0.35 0.06 0.63 0.04 0.61 0.02 0.31 0.03 0.48 0.01 - 0.08 0.47 0.02 0.43 0.01 0.29 0.04 

ML 0.67 0.03 0 0.31 0.01 0.43 0.02 0.58 0 0.02 0.01 0.55 0.08 - 0.03 0.2 0.03 0.19 0.01 0.2 

SWG 0 0.55 0.71 0.08 0.88 0.02 0.8 0.01 0.65 0.05 0.21 0.01 0.47 0.02 - 0.08 0.9 0.04 0.81 0.19 

MWG 0.19 0.05 0 0.54 0.01 0.7 0.02 0.61 0.02 0.02 0.04 0.07 0.02 0.2 0.08 - 0.11 0.91 0.01 0.8 

SWLI 0 0.59 0.71 0.09 0.79 0.03 0.85 0.02 0.64 0.05 0.28 0 0.43 0.03 0.9 0.11 - 0.09 0.79 0.21 

MWLI 0.26 0.05 0 0.41 0 0.61 0.01 0.64 0.03 0.06 0.06 0.12 0.01 0.19 0.04 0.91 0.09 - 0 0.65 

SWMD 0.02 0.35 0.94 0.07 0.74 0 0.76 0 0.89 0.09 0.07 0.04 0.29 0.01 0.81 0.02 0.79 0 - 0.16 

MWMD 0.07 0.05 0.07 0.74 0.08 0.59 0.08 0.47 0.02 0.14 0 0 0.04 0.2 0.19 0.8 0.21 0.65 0.16 - 

 

Table 5: t values between Measures 

 MC SC 
SM

D 

MM

D 
SGI 

MG

I 
SLI 

ML

I 
STD 

MT

D 
SLD 

ML

D 
SL ML 

SW

G 

MW

G 

SW

LI 

MW

LI 

SW

MD 

MW

MD 

MC - 2.87 2.87 5.44 1.64 12.2 0 21.2 4.12 1.64 4.12 48.9 1.64 22.7 0 7.90 0 9.67 2.33 4.47 

SC 2.87 - 12.5 1.64 21.7 2.87 26.8 2.87 11.7 0 31.6 2.87 26.8 2.87 17.6 3.74 19.5 3.74 11.9 3.33 

SMD 3.33 12.7 - 3.74 30.7 0 34.8 1.64 92.7 5.44 4.81 3.74 11.9 0 25.5 0 25.5 0 59.4 4.47 

MMD 2.33 5.44 3.74 - 3.74 30.7 3.74 18.7 5.13 11.1 0 2.33 4.12 10.9 4.81 17.6 5.13 13.6 4.47 27.52 

SGI 1.64 21.7 30.7 8.66 - 0 51.8 0 27.5 8.66 9.67 1.64 21.2 1.64 44.1 1.64 31.6 0 27.5 4.81 

MGI 2.87 12.2 0 30.7 0 - 0 42.1 2.87 7.12 2.33 8.15 3.33 14.1 2.33 24.3 2.87 20.4 0 19.56 

SLI 0 27.5 34.8 3.74 55.3 1.64 - 0 29.8 3.74 12.5 0 20.4 2.33 32.6 2.33 38.8 1.64 29 4.81 

MLI 21.2 3.33 1.64 18.7 0 42.1 1.64 - 3.33 4.81 3.33 14.7 2.87 19.1 1.64 20.4 2.33 21.7 0 15.36 

STD 4.12 11.9 92.7 5.13 27.5 2.87 29.8 3.33 - 5.73 1.64 3.74 11.1 0 22.2 2.33 21.7 2.87 46.3 2.33 

MTD 1.64 0 5.44 11.1 8.91 7.12 3.74 4.81 5.73 - 4.47 0 2.87 2.87 3.74 2.33 3.74 4.12 5.13 6.58 

SLD 4.12 31.6 4.81 0 9.67 2.33 12.5 3.33 1.64 4.47 - 5.13 15.6 1.64 8.41 3.33 10.1 4.12 4.47 0 

MLD 51.8 2.87 3.74 2.33 2.33 8.15 0 14.7 3.74 0 5.13 - 2.33 18 1.64 4.47 0 5.73 2.87 0 

SL 1.64 31.6 11.9 4.12 21.2 3.33 20.4 2.33 10.9 2.87 15.6 1.64 - 4.81 15.3 2.33 14.1 1.64 10.4 3.33 

ML 23.2 2.87 0 10.9 1.64 14.1 2.33 19.1 0 2.33 1.64 18 4.81 - 2.87 8.15 2.87 7.90 1.64 8.15 

SWG 0 18 25.5 4.81 44.1 2.33 32.6 1.64 22.2 3.74 8.41 1.64 15.3 2.33 - 4.81 48.9 3.33 33.6 7.9 

MWG 7.9 3.74 0 17.6 1.64 24.9 2.33 20.4 2.33 2.33 3.33 4.47 2.33 8.15 4.81 - 5.73 51.8 1.64 32.62 

SWLI 0 19.5 25.5 5.13 31.6 2.87 38.8 2.33 21.7 3.74 10.1 0 14.1 2.87 48.9 5.73 - 5.13 31.6 8.41 

MWLI 9.67 3.74 0 13.6 0 20.4 1.64 21.7 2.87 4.12 4.12 6.02 1.64 7.9 3.33 51.8 5.13 - 0 22.23 

SWMD 2.33 11.9 64.5 4.47 27.5 0 29 0 46.3 5.13 4.47 3.33 10.4 1.64 33.6 2.33 31.6 0 - 7.12 

MWMD 4.47 3.74 4.47 27.5 4.81 19.5 4.81 15.3 2.33 6.58 0 0 3.33 8.15 7.9 32.6 8.41 22.2 7.12 - 
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4.3 Regression Analyses 

Based on the R² values, the appropriate measures which are more correlated to the population 

counts and are statistically significant are selected and included in the regression analyses. As 

the project looks for the ideal models which can accurately approximate the population 

densities of parishes, different models are constructed by OLS and GWR methods and 

compared with each other. However, the OLS models were defeated by auto-correlation 

between selected variables. To check the autocorrelation, Global Moran's index was run by 

using ArcToolbox. The Moran’s index is a measure which indicates the spatial auto-

correlation. This index can get a value between -1 and 1. The value closer to 1 indicates more 

positive auto-correlation and closer to -1 shows the negative auto-correlation and the data 

with zero value has no auto-correlation. If the selected variables have auto-correlation, OLS 

models are invalid. It mostly happens when a variable is missing from the model. In this case, 

the GWR regression method can be used. During generating the OLS models in the project, 

most variables show auto-correlation so the OLS models are not valid and GWR method is 

applied. 

 The GWR tool in ArcGIS provides the statistical assessment of the generated GWR model in 

a table. Through the table, the information about how well the model is fitted to the 

independent variables as well as data for comparing the models can be obtained. In order to 

justify which model is best fitted with the population counts, different criteria can be 

considered, for instance, the values of the R² and the differences between AICc. The Akaike 

Information Criterion (AICc) is a good indicator of the goodness of fit for comparing models. 

Nevertheless AICc does not provide information about fitness of a model, rather the 

differences between AICc’s models can be interpreted in order to find which model is the best 

model.  

In order to compare model a and model b, the differences between the AICc is calculated: 

Δi= AICcb- AICca 

The differences are inferred in this way: If the difference is less than about 4, there is no valid 

statistical reason for preferring one of the models over the other; if the difference between 

them is greater than about 10 there is little evidence in support of the model with the larger 

AICc (Charlton and Fotheringham 2009). 

The R² and AICc values are available in the table which is one output of GWR analyses in 

ArcGIS. The project takes R² as the determinant criterion and compares models with each 

other and selects one of them for Nn, Nd and Nmean. However it is possible that with different 

criteria, different models are chosen as the suitable models. 

In Table 6 some models of Nn, Nd and Nmean, which are obtained from GWR analyses, are 

shown. The project also generated different models for Nsum, however regression results for 

Nmean and Nsum are the same since the difference between the Nmean and Nsum formulas is a 
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constant, which does not affect the results of regression analyses, so the project just considers 

Nmean models and does not show Nsum models.  

Table 6: Some Obtained Models of Nd, Nn and Nmean (GWR) 

Dependent variables 
R² - Nd  

(GWR) 

R² - Nn 

(GWR) 

R² - Nmean 

(GWR) 

SC 0.536 0.644 0.732 

SC + MGI 0.546 0.651 0.739 

SC + MGI + ML 0.552 0.6703 0.758 

SC + MWG 0.554 0.6401 0.738 

SC + MLI 0.546 0.654 0.744 

SC + MLI+ML 0.548 0.674 0.762 

SC + MWLI 0.544 0.636 0.733 

SC + MLD 0.575 0.689 0.788 

SC + MLD + ML 0.566 0.693 0.793 
SC + MWMD 0.549 0.641 0.737 

SC + MMD 0.543 0.65 0.736 

SC + MMD + ML 0.553 0.683 0.768 

SC + MMD + MLD 0.549 0.686 0.775 

SC + MMD + MGI 0.555 0.681 0.767 

SC + ML 0.555 0.678 0.768 

SLD + ML 0.520 0.67 0.737 

SLD + MC 0.519 0.651 0.716 

SLD + MC + ML 0.525 0.707 0.714 

SLD + MC + MLI 0.532 0.644 0.705 

SLD + MLI 0.478 0.625 0.695 

SLD + MLI+ML 0.483 0.618 0.694 

SLD + MWG 0.544 0.563 0.657 

SLD + MWLI 0.528 0.555 0.649 

SLD 0.469 0.564 0.646 

    

Through the comparison of R², the best model of the Nmean considers the combination of the 

SC, MLD and ML. The nighttime population counts can be obtained by combining SLD, MC 

and ML. In addition, the combination of SC and MLD provide a qualified model for daytime 

population. 
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Table 7: Best Models and Their Fitness to the Target Variables 

GWR Models 

List the combination of the 

independent variables 

 

R² 

Nmean SC +ML D+ML 0.793 

Nn SLD+MC+ ML 0.707 

Nd SC +MLD 0.575 

 

Figures 17-19 represent the standardized residuals in the study area. Standardized residuals 

are normalized values of residuals which show differences between the observed and 

predicted values in the regression analysis. Standardized residuals have a mean of zero and a 

standard deviation of unity (Charlton and Fotherringham 2009). Those features, which have 

positive standardized residuals, are under-predicted in the model or which have negative 

standardized residuals, are over-predicted by the model. The features, which have small 

values of standardized residuals, are predicted properly by the regression model. In the 

following maps, they are represented in yellow color. The features in red color are 

underestimated and have great positive standardized residuals. The parishes which are 

overestimated and have high negative standardized residuals are shown in dark blue color.  

 

Figure 17: Best Model of Nmean (GWR) 
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Figure 18: Best Model of Nd (GWR) 

 

Figure 19: Best Model of Nn (GWR) 

The measures of fit (R²) are biased in the presence of spatial error auto-correlation (Anselin 

and Rey 1991); therefore for carrying out the project, spatial auto-correlation tool (Global 

Moran's index) was employed to control the spatial distribution of residuals. Table 8 shows 

Global Moran's index for the selected models. Based on this index, it can be concluded that 

there are not spatial auto-correlations in residuals. 
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Table 8: Global Moran’s index for GWR Models  

GWR Models Global Moran's index 

Nmean 0.01 

Nn 0.03 

Nd 0.11 

 

Figures 20-22 represent histograms of residuals for three selected regression models. These 

histograms show that the residuals have a normal distribution. Non- normality of the residuals 

might lead to unreliable inferences of the estimated coefficients’ statistical significance (Yu 

et al. 2009). 

 
Figure 20: Histogram of residuals in Best Model of Nd (GWR) 

 
Figure 21: Histogram of residuals in Best Model of Nmean (GWR) 
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Figure 22: Histogram of residuals in Best Model of Nn (GWR) 
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5 Discussion 

5.1 Analysis of the Result 

To quantify the relationships between the population counts and space syntax measures, some 

regression models are generated. The R² values of the models (Table 6) are a good index to 

compare models and examine how fitness of the models changes with different measures. 

Through R² values, it can be observed that weighting or incorporating the measures by length 

measures improve the explanatory power of measures and the R² values increase for the 

models.  For instance, the R² value of the sum of connectivity (SC) model is 0.536 and with 

combining the length of this model, this value increases to 0.555 or the sum of local depth 

(SLD) model is 0.469 and with adding the street length into the regression analysis, R² goes 

up to 0.520. This may refer to this fact that the structures of the street networks both in 

geometrical and topological perspective affect human movement. Hillier (1999) remarks that 

movement is dependent on the street length and people tend to minimize trip length. Based on 

this finding, it can be concluded that the lengths of the streets have an impact on the number 

of people live and work in a region.  

As the correlation analyses are shown in Table 3, SC is more significantly correlated with the 

population counts than SLD, particularly in Nmean. This fact also can be observed in the result 

of the regression models and SC can estimate population counts better since R² values for 

these models are higher. For instance the combination of SC and the MLI estimates the 

daytime population with R²= 0.546 while the SLD with the same combination is less, R²= 

0.478. In this trend, there is one exception which is for the best fitted model of nighttime. 

However, this model also involves the connectivity measure. In addition, the local depth 

participates in all the best fitted models of daytime, nighttime and the mean population 

cooperates. Through this available information, it can be concluded in this study that the 

connectivity and local depth can be appropriate criteria for estimating the number of people 

in a region.  

In order to discover which variables have more significant influence on a generated GWR 

regression model, the local coefficients of the equations should be examined. They are one of 

the outputs of GWR analyses (the values of βi in GWR equation). The local coefficient 

distribution allows understanding regional variation of independent variables over the study 

area. Therefore, in this study the local coefficients were analyzed. Figures 23-30 represent the 

local coefficient of each variable in the best fitted models. Through Figures 27 and 30 it can 

be seen that average of street length in models of Nmean and Nn, has significant influence on 

the central part of the study area since the coefficients are larger in this area compared to 

other parts of the city. Through Figures 25-27, one can understand that local depth has greater 

influence on Nmean model, since the highest local coefficient values of MLD is 41.65 and the 
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highest local coefficient values of SC and ML are 22.14 and 0.48 respectively. Unlike the 

Nmean model, connectivity measure is the most important variable in the models of Nn and Nd.  

The regional variations of standard error of each coefficient are also calculated in regression 

analyses which may be particularly helpful for investigating the precision of the spatially 

varying coefficients (Brunsdon et al 1998). Figure 23-30 (right side figures) represent the 

coefficient standard errors for each independent variable of Nn, Nd and Nmean models. The 

small standard errors (blue parishes) indicate that the coefficient values are properly 

estimated and they are reliable. The features with large amount of standard errors might have 

problems with local collinearity.  The collinearity happens when independent variables in a 

regression analysis are highly correlated to each other. As the project calculates the 

correlations between independent variables (Table 4) and it does not cooperate high 

correlated variables in the same model therefore the collinearity problem may not happen in 

the regression analyses. However the standard error of MC in the best Fitted Nn model 

(Figure 29) has high value and the highest value is 1944.  

 In Figure 23, the map of standard error of SC in Nd model is represented. As can be seen, 

small standard errors are located in the central part of the study area and it increases from 

south to north of the map. This spatial trend indicates that the confidence of the estimation of 

coefficients decreases from south to north of the study area and the coefficients, which are 

estimated in the center part, are highly reliable. Finding relationships between the coefficient 

maps and their standard errors are difficult but it seems that the areas with great impact of 

coefficients in the local models mostly have small standard errors which mean they are more 

reliable. 

 

  
 

Figure 23: Local Coefficient and Standard Error of SC in Best Fitted Nd Model  
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Figure 24: Local Coefficient and Standard Error of MLD in Best Fitted Nd Model  

 

 

Figure 25: Local Coefficient and Standard Error of SC in Best Fitted Nmean Model 

 

  

Figure 26: Local Coefficient and Standard Error of MLD in Best Fitted Nmean Model 
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Figure 27: Local Coefficient and Standard Error of ML in Best Fitted Nmean Model 

 

 

Figure 28: Local Coefficient and Standard Error of SLD in Best Fitted Nn Model 

 

 

Figure 29: Local Coefficient and Standard Error of MC in Best Fitted Nn Model 
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Figure 30: Local Coefficient and Standard Error of ML in Best Fitted Nn Model 

In this project, local R² maps were used to study the local goodness-of-fitness of local 

equations in the selected regression models. Figures 31-33 represent the local R² in the best 

models. The local R² has values between 0 and 1. The areas, which have values close to 1, are 

fitted to the local models well. The blue-colored areas on these maps are fitted poorly to the 

local models since the parishes in these regions have R² values close to 0. Through the maps, 

it can be claimed that all selected regression models cannot accurately approximate the 

population counts in the central part of the city, which is the congested zone in the study area. 

This may happen because in this study high diversity of land-use patterns which attract more 

people to this area was not taken into consideration. In addition the harbor in the center of the 

city definitely has a great impact on the number of people and the project intentionally 

restricts the estimations to the properties of the street network.   

In the north part of all these three maps, there are some parishes in which the local R² values 

are the lowest. These parishes are coastal areas and connected to the other parishes from the 

south part therefore the lowest fitness of models in this area can be interpreted as the edge 

effect. Although many people in this area commute to Copenhagen to work, there are also 

residents who work locally as fishermen. Considering just the street properties in this area, it 

is impossible to count the precise number of people and as it can be observed most local 

models do not fit appropriately in this area.    
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Figure 31: Local R² in Best Fitted Nmean Model  

 

Figure 32: Local R² in Best Fitted Nd Model  

 



40 

 

 

 

Figure 33: Local R² in Best Fitted Nn Model  

Copenhagen has a large street network which connects different regions of the city to each 

other. Using bicycles for commuting is very common in this area. In addition, Copenhagen 

has one underground metro line and a full network of S-trains which are like T-bana and 

pendeltåget in Stockholm; however S-trains are over the ground. The metro line is like an 

extension of the S-train network. The connection to other European cities is via the Danish 

train network (DSB). The water buses in four harbors of Copenhagen are another way to 

travel to this city.  These (public) transport networks, just like the road networks connects and 

makes different spaces accessible, as a result the existence of such transport networks clearly 

affect the results. In principle one could unite the networks in a similar space syntax analysis 

in perhaps some weighted scheme but that is not the objective of the study, primarily because 

the transport network is not always publicly accessible in a digital format i.e. not easy to 

process by computerized methods (like the OSM street network data).  

Due to all transport networks, the proposed method probably underestimates the population 

counts for those areas which are well connected to others by transport networks, however 

these networks are likely to link similar areas as the road network, thus the potential 

estimation error due to the lack of these transport networks in the method are likely 

negligible. For instance it is likely that the parishes which have access to others by train 

or/and bicycle paths are more populous in the daytime, while the method only considers the 

road network. Therefore it is impossible to approximate the exact number of people who 

commute to these parishes for working but errors of this estimation are not likely too high 

since the road network connects the same spaces as the bicycle path and train.  

The big problem in estimating the population counts seems to be the water buses since many 

people use them to commute. In order to take into account the water path, in this project it 
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was considered the roads on the bridges which connect two separate parts of central area such 

as Langebro and Knippelsbro and the route in Øresund. This makes possible to have rough 

estimations of population counts in these areas. Figure 34 represents the central part of 

Copenhagen. 

 

Figure 34: Central Part of Copenhagen (Image Source: OpenStreetMap) 

In Figure 35 the residual map of Nmean model in central part is represented. Residual values 

are calculated by software. These values indicate the differences between the observed and 

predicted values in the regression analysis. Based on this map, it can be observed which 

parishes were underestimated and overestimated in Nmean model. The dark blue and red colors 

represent the parishes with negative and positive high errors. The errors in these parishes may 

happen due to the lack of transport networks, especially the parishes which are coastal areas.  
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Figure 35: Street Network in the Center Part of Copenhagen (Nmean Model) 

By looking at R² values of the selected models for Nn, Nd and Nmean, it is clear that Nmean is 

better predicted by variables; R²=0.79. This suggests that the space syntax measures can 

estimate population count for all types of space usage, not for a specific type of usage like 

work or home. Although based on this project it was proven that space syntax measures play 

an important role in population count in a region, it seems that they are less accurate for 

predicting the particular types of human activities even for the human periodic movements.  

5.2 Limitations of the Study 

The study takes the space syntax measures and tries to find the relationships between the 

population counts and measures. The high correlated measures are combined with other 

measures and participated in the regression analyses. Firstly, OLS regression method is used 

for this purpose which is highly recommended to generate before using the GWR method 

since the OLS regression model provides useful information about variables. However, the 

OLS processing for all measures are finished with an error which determines the models are 

misspecified. By using the spatial auto-correlation tool (Global Moran’s index), the project 

finds high autocorrelation between variables. This happens because of a missing variable in 

the regression analysis or non-stationary spatial processes, which consequently makes the 

OLS models unreliable. To overcome this problem, in this project the available data was 

trusted and GWR models were regarded instead of OLS. It is necessary to consider if OLS 
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error happens because of missing key dependant variable, it is difficult to claim that the GWR 

models are perfectly proper for estimating the dependent variables. 

The project should have examined if the coefficients of GWR models are statistical 

significance. There are many papers which try to provide appropriate methods for this 

assessment; however most of the proposed methods for significance tests in GWR are 

computationally expensive and severely criticized. OLS tool in ArcGIS reports p-value of the 

regression analysis and it is easy to distinguish whether the coefficient of OLS model is 

significant; however, GWR tool in ArcGIS does not report p-value. Since GWR is a local 

regression and for each feature in the analysis produces one equation. In addition performing 

t test, for estimating  p-values, is a little contentious and it is inappropriate to compute local t 

values of all features (Charlton and Fortherringham 2009) because GWR method generates 

each equation with this assumption that the nearby features have more influence on analysis 

than the farther features, thus the local results of GWR are dependent to each other. 

Therefore, estimating t values for local equation is not a proper method to understand which 

coefficient is significant. 

It is not specified in this project how it is possible to distinguish the population of daytime 

and nighttime by mobile devices. The project should devise a method to separate the 

nighttime and daytime automatically. Otherwise the mobile devices would use the space 

syntax measures for calculating the values of a given region but distinguishing which 

numbers refer to daytime and nighttime would be impossible for the devices. To overcome 

this shortcoming, the project really expected that the regions in the central area which have 

highly connected or integrated street networks, accommodate more population in the daytime 

since it is probable that the workplaces are located in the central area and people commute to 

these regions for working. While areas with segregated streets that mostly located in the 

suburb areas have the lower population in the daytime and have high population in nighttime 

since the residential areas are mostly located in the suburb areas. Based on this assumption, 

all parishes were investigated in the study area and it is found that although most parishes in 

the central part have more population in the daytime and suburb areas have high population 

in the nighttime, it cannot surely be claimed that the population count has a significant spatial 

trend. 

 In addition, the project cannot find high strong correlation between space syntax measures 

and population count, the highest significant R² values in the analysis is 0.47 and this is not a 

strong correlation. Presumably, the aggregation of the space syntax measures and assigning 

them to all areas of the parish regions led to some confusion in the analysis. In this study data 

was also analyzed based on the natural streets instead of axial lines to reach its goal for using 

the method easily in the mobile devices. However, the results of the calculation of the space 

syntax measures and the number of connected and integrated streets in the natural street maps 

are different from axial maps (Based on the Figure 2, 3 and Sun 2012).  

However, the results of the project can be improved by taking into account some more 

variables. The project only considers the metric measures while the angular measures play 

prominent role in humans’ movement. Turner (2009) discovers that the human navigation in 

the geographic space is also based on the angularity. He investigated paths of some couriers 
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in London and finds that in 63% of trips are based on the minimum angular distance between 

their origins and destinations. Though this finding, it can be expected that applying the 

angular measures can provide more information about the population count of a region.  

Another measure of space syntax is the choice measure, which is important particularly in 

issues dealing with human movement. Turner (2007) examines the street network of North 

London through street-center line analysis and finds that choice (betweenness) is a better 

measure for modeling the human movement than integration measure. He also reveals that 

the angular betweenness is better than the metric betweenness. Although the choice is very 

important in the project purpose, it could not be managed in this study to calculate this 

measure. Because Axwoman cannot compute this measure and other software and toolboxes 

such as Depthmap, UNA and sDNA have some problems with the amount of street segments 

in the study area. Therefore in this project only the obtained parameters from Axwoman were 

considered. 

 Furthermore, having knowledge about the regions and knowing about how much of the 

region is occupied by the residential areas and non-residential areas can help analysis of the 

region and, moreover, it can provide information about the population density in that region. 

Özbil et al. (2008) argue that the human movement in geographic space is also correlated 

with land-uses, although this correlation is not at the same level with street network 

properties. The research of Lee and Moudon (2006) also confirms this fact, that there is a 

relationship between the human movement and land-use patterns in urban spaces. Since the 

land-use patterns can attract people to the specific areas. Land-use information can also be 

efficient in separating the nighttime and daytime population.  

In the study area, there are some parishes that have multiple polygons with the same data and 

some of them are located far from each other. In order to have correct regression analyses, 

one dataset should be assigned for each parish so the measures of the parishes with multi-

polygons were aggregated. For instance, a parish with zip code 1 has three different polygons 

which all of them have different space syntax measures and after the aggregation, the result 

would be the parish with zip code 1 with only one polygon.  This processing led to some 

errors in the analysis since some small parishes have big measures. The knowledge about 

areas can help the project to make better decisions about these parishes. 

The project looked for the population counts in each given region based on the street 

properties; however it is possible that movements or locations of individuals or individual 

families in the geographic spaces would change for different reasons. For instance, due to the 

traffic jams or the scenery on a specific path, they select other routes to reach their 

destinations. While some individuals / families change characteristics and move away and 

others may replace them to utilize the space that is supported by the road network. These 

changing characteristics definitely affect the result of this project. However, from the 

trajectory anonymization application perspective one only needs to approximately estimate 

the population or movement counts and then if the counts are above a threshold, conceal the 

users’ trajectories therefore these changes are not important in this application. To employ the 

proposed method in other applications in which high precision is important, the method 

certainly should be improved and it should consider various factors. This accurate method is 
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ideal and need more study and information even about human behaviors in geographic spaces 

thus this method is excluded from the objectives of the present study. 

The spatial / contextual analysis in this study is an important research task that due to 

limitations of scope and time frame of the current study was not addressed here and was 

excluded for future research. While additional geospatial data sources (DEM, land cover 

maps, business locations etc.) and techniques (remote sensing) could be employed to improve 

the estimates, the objective of the study is to use publicly accessible (verifiable / trustworthy) 

data sources (i.e., road network) and simple methods (i.e., space syntax and regression) that 

can potentially be executed in a privacy-preserving manner on mobile devices. 
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6 Conclusion  

The trajectories, which are collected by LBS, can open new horizons in research on human 

and geographic spaces; however, this information can also be used for re-identifying users 

and threaten the users’ privacy. To overcome this problem, in the project an approach was 

proposed, which can be used in the LBS and it is a prerequisite for trajectory anonymization. 

This approach is able to count the numbers of people who live in a given region (nighttime) 

and numbers of people who work in the region (daytime), based on the space syntax.  

For this purpose, a street network in Copenhagen was analyzed and space syntax measures 

were calculated. To discover that the measures can predict the number of people in nighttime 

and daytime, some correlation analyses have been applied. The correlation analyses revealed 

that the measures are correlated with the population counts. Hence, the regression analyses 

were employed to generate the population models. By examining the regression models, the 

project concludes that the connectivity and local depth measures are two important measures 

for approximating the population counts. Furthermore, it is showed in the project that 

although the measures can be appropriate factors for predicting the population counts, they 

are not sensitive to the use of space. The average of nighttime and daytime population is 

predicted better by the regression model with 79% fitness. 

Through this method, the mobile devices can estimate the number of people in the region. 

Next based on the number of people which should not be lower than k (predefined threshold), 

the user’s trajectories are concealed in the mobile devices.  

Although the project has already shown that there is a correlation between the space syntax 

measures and produced models for the population counts based on the measures, some 

problems remain unsolved. For example the project could not propose any method for 

distinguishing the nighttime and daytime population models. Further research is needed to 

separate the two different densities.   

The project can open a new perspective into the space syntax and trajectory anonymization 

researches and can be considered as a preface for further analysis in these fields. The project 

only considers the trajectory anonymization for the research purpose, but there are many 

other applications that can be thought about from the thesis idea which can save time and 

energy for the urban planners and decision makers.  
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