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Abstract 

Urban densification is a common policy approach implemented to combat the negative 

impacts of urban sprawl by promoting vertical growth with high-rise buildings 

developments. This implies the need for new spatial analysis and modeling 

approaches addressing issues related to vertical growth and that can operate in three 

spatial dimensions (3D). Therefore the main goal of this thesis research is to develop 

and implement a suite of geographic information systems (GIS)-based multicriteria 

evaluation approaches for 3D suitability analysis of the urban environment. Weighted 

Linear Combination (WLC) and Logic Scoring of Preference (LSP) MCE methods are 

applied to analyze in 3D the suitability of high-rise residential units in downtown of the 

City of Vancouver, Canada. This thesis research contributes to advancement of GIS-

based MCE approaches for spatial decision-making analysis in 3D and can support the 

design of sustainable cities by aiding in the analysis and comprehension of urban 

planning decision alternatives. 

Keywords:  multicriteria evaluation (MCE); geographic information systems (GIS); 

suitability analysis; three dimensions (3D); spatial decision-making 

analysis; urban environment; Weighted Linear Combination (WLC); Logic 

Scoring of Preference (LSP) 
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Chapter 1.  
 
Introduction 

The world is steadily urbanizing; with a decades-long trend of increasing urban 

migration and population growth worldwide, the negative impacts of rapid urbanization 

are widely recognized. When confronted with rapid population growth, unprepared 

municipalities lacking a solid growth management plan often accommodate the increase 

in population by investing in new development on natural or agricultural lands along the 

urban periphery, effectively expanding the urban boundary (van Rensburg & Campbell, 

2012). This haphazard pattern of uneven low-density development along the urban 

fringe is referred to as urban sprawl, and has been linked to a slew of negative 

environmental effects, with habitat loss and degradation being among the most 

prominent (Daniels, 2001; Vaz, Painho, & Nijkamp, 2015). In addition to environmental 

impacts, urban sprawl also produces negative consequences for urban residents due to 

decentralization, often resulting in longer commute times (Behan, Maoh, & Kanaroglou, 

2008; Zhao & Kaestner, 2010), automobile reliance (Blair & Wellman, 2011; Frenkel & 

Ashkenazi, 2008), increased air (Frenkel & Ashkenazi, 2008; Stone, 2008) and water 

(Daniels, 2001; Resnik, 2010) pollution, heat island effect (Frumkin, 2002), decreased 

social interaction (Brueckner & Largey, 2008; Habibi & Asadi, 2011), fitness (Guarnizo-

Herreño, Courtemanche, & Wehby, 2019; Zhao & Kaestner, 2010), physical health 

(Behan et al., 2008; Resnik, 2010) and general mental well-being (Frumkin, 2002).  

Consequently, many large municipalities in North America have embraced the 

notion of sustainable urbanization, an umbrella term that encompasses practices and 

initiatives aimed at achieving urbanization while also promoting and maintaining social, 

economic, and environmental sustainability (Ochoa, Tan, Qian, Shen, & Moreno, 2018; 

L. Shen, Peng, Zhang, & Wu, 2012; Tan, Xu, & Zhang, 2016). One approach to 

sustainable urbanization has been to guide the urban development process in a way that 

protects natural and agricultural lands from urban sprawl, by instead reinvesting in 

previously developed areas and promoting the use and upgrade of existing infrastructure 

(Geller, 2003; Tregoning, Agyeman, & Shenot, 2002). This has been widely 

implemented through the practice of urban densification, a strategy whereby cities are 

densified through investment in compact building design to accommodate growing 
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populations while also promoting social and infrastructural connectivity (Geller, 2003; 

O’Connell, 2008). Urban densification goals not only target increased proximity of city 

elements and buildings for improved walkability and transit viability, but optimization of 

the limited developable land space by densifying in the vertical dimension as well (Blair 

& Wellman, 2011; O’Connell, 2009). This has resulted in the proliferation of high-rise 

apartment and condominium buildings that present attractive alternatives to single 

detached homes, typically offering a central urban location or a more affordable option 

outside of the city center (Beimer & Maennig, 2020; Koziatek & Dragićević, 2019).  

A number of urban analyses have been undertaken to investigate access to or 

valuation of typical amenities important to owners and tenants occupying living spaces in 

residential high-rises, particularly in the extensive hedonic pricing literature. (Helbich, 

Jochem, Mücke, & Höfle, 2013; Huang, Pan, Liu, Hou, & Yang, 2017). When it comes to 

evaluating high-rise residences, additional consideration needs to be given to factors 

and amenities that may differ depending on the residential unit’s height above ground. 

For instance, Yamagata et al. (2016) and Yu, Han and Chai (2007) assessed the values 

people were willing to pay for a larger apartment view, which generally increases with 

floor height. Although the results from such research can help identify which qualities are 

most appealing to residents, the findings reflect the value of amenities as determined by 

housing market prices, rather than the value of amenities as defined by the residents 

themselves. 

1.1. Theoretical Background  

1.1.1. 3D Analysis in the Urban Context 

Highly densified urban centres are complex systems that require advanced 

planning for proper management (Abdul Rahman, Held, & Zlatanova, 2006). As large 

urban centres progressively densify, methods for modeling and analysis of the urban 

environment in 3D are increasingly necessary tools for the urban planning and decision-

making processes (Ahmed & Sekar, 2015). Three-dimensional urban models allow for a 

richer, more accurate representation of the urban environment and can enhance 

visualization and improve understanding of the urban system (Ahmed & Sekar, 2015) in 

terms of both spatial and non-spatial data to help make better informed decisions (Li, 

Zhang, & Davey, 2015; Yin & Shiode, 2014) and support sustainable development 
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choices (Billen et al., 2014). Such models also serve as valuable communication tools 

with those lacking urban planning expertise, including the general public (Saeidi, 

Mirkarimi, Mohammadzadeh, Salmanmahiny, & Arrowsmith, 2019).  

While urban modeling and analysis can be performed in various systems and 

software, many urban analyses have been implemented using geographic information 

systems (GIS) even though the design of such systems is not well tailored to the urban 

planning process (Hien, Kardinal, & Liang, 2011). One advantage is that GIS are 

inherently spatial, providing common analytical functions and tools that already have the 

necessary spatial algorithms coded in (Karssenberg & De Jong, 2005). Furthermore, 

GIS are capable of accepting and processing a variety of data formats to construct the 

3D urban landscape, including satellite and aerial imagery, shapefiles and 

geodatabases, and LiDAR returns.  

A wide variety of applications have been derived from GIS-based 3D urban 

modeling and analysis. Ujang, Anton, and Rahman (2013) proposed a unified data 

model for simulating urban air pollution dispersion, while An et al. (2014) presented a 

collaboration tool for 3D visualization of microscale air pollutants. Other studies have 

investigated the influence of urban morphology on land surface temperature (Guo, Zhou, 

Wu, Xiao, & Chen, 2016; Huang & Wang, 2019), thermal anisotropy (Hu & Wendel, 

2019), and microclimate urban heat island effects and mitigation scenarios (Danahy, 

Wright, Mitchell, & Feick, 2013), as well as decomposition of urban heat island intensity 

into its contributing processes to facilitate strategies for heat reduction and adaptation 

(Hertel & Schlink, 2019). Analyses have been conducted assessing cities’ potential for 

wind (Lukač, Štumberger, & Žalik, 2017) and solar energy capture (Bremer, Mayr, 

Wichmann, Schmidtner, & Rutzinger, 2016; Li et al., 2015; Liang, Gong, Li, & Ibrahim, 

2014), as well as measures of sky exposure (Zhang et al., 2012) and spatial openness 

(Fisher-Gewirtzman & Wagner, 2003) in highly densified urban areas. Koltsova, Kunze, 

& Schmitt (2012) developed a method for the parameterization and procedural modeling 

of urban design qualities to explore a scenario with an enhanced environment at the 

pedestrian scale, while Abdul Rahman et al (2006) examined the utility of web-integrated 

3D GIS in facilitating user visualization, navigation, and interaction with a 3D urban 

scenario.  
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GIS-based multicriteria evaluation methods may present a suitable solution for 

analyzing spatial decision alternatives in a 3D urban environment, as they are capable of 

considering a number of decision criteria in a spatial context and have the potential to be 

extended in a 3D urban environment. Koziatek, Dragićević, and Li (2016) developed a 

multicriteria evaluation-based approach for identifying areas of future vertical urban 

growth and modeling the predicted urban densification in 3D. Although a 3D urban 

model is generated, the multicriteria evaluation underlying the approach is two-

dimensional (2D) in nature, as it is based on the analysis of cadastral lots. Therefore, 

there is a need to develop truly 3D multicriteria evaluation methods, with suitability 

analysis and visual representation of decision alternatives in 3D. 

1.1.2. Multi-Criteria Evaluation Methods in GIS Environment 

Multicriteria evaluation (MCE) approaches are techniques used to aid in decision-

making for problems, designed to select and provide insight into the best options from a 

set of decision alternatives based on the evaluation of predefined criteria while 

incorporating diverse and conflicting interests into the analysis to arrive at better, more 

thoroughly considered decisions (Carver, 1991; Voogd, 1983). Decision support systems 

(DSS) combine MCE methods structure with computer system capabilities to assist 

users in making more effective decisions (Malczewski, 2004). Spatial decision support 

systems (SDSS) extend this decision analysis by not only considering the various values 

and judgements included by the decision maker (DM), but the geographical aspect of the 

decision alternatives as well (Malczewski & Rinner, 2015). Spatial decision-making 

analyses such as spatial MCE are frequently conducted in SDSSs integrated with GIS, 

drawing from the capacity of GIS for enhanced visualization and data management and 

processing (Dragićević, Dujmović, & Minardi, 2018; Feick & Hall, 1999).  

GIS-based MCE is used extensively for spatial-decision making in a wide range 

of geographical and planning applications, including site selection for a diverse array of 

facilities such as wind and solar farms (Latinopoulos & Kechagia, 2015; Weiss, Tagliani, 

Espinoza, de Lima, & Gandra, 2018), aquaculture farms (Hadipour, Vafaie, & Hadipour, 

2014), power plants (Davtalab & Alesheikh, 2018; Hopkins, 1977), hazardous materials 

storage (Eastman, 1999; Kabak & Keskin, 2018) and waste landfills (Barakat, Hilali, 

Baghdadi, & Touhami, 2017). Landslide susceptibility mapping (Dragićević, Lai, & 

Balram, 2015; Feizizadeh, Shadman Roodposhti, Jankowski, & Blaschke, 2014; Mallick 
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et al., 2018), exploration of potential groundwater sources (Sahoo, Jha, Kumar, & 

Chowdary, 2015), flood risk evaluation (Hazarika, Barman, Das, Sarma, & Borah, 2018; 

Kandilioti & Makropoulos, 2012), and soil fertility and crop suitability analysis (Gelleh, 

Henry, Babalogbon, & Silas, 2018; Walke, Reddy, Maji, & Thayalan, 2012) are other 

common applications. Moreover, GIS-based MCE has been paired with computational 

modeling approaches such as cellular automata and agent-based modelling to perform 

more complex spatio-temporal analyses, such as modeling urban development 

(Maithani, 2017; Vaz & Arsanjani, 2015; Wu & Webster, 1998), forest insect infestation 

spread (Anderson & Dragicevic, 2016), and volcanic eruption evacuation risk (Jumadi, 

Malleson, Carver, & Quincey, 2020).  

GIS-based MCE is typically implemented through the use of multiple raster GIS 

data layers, each representing an individual evaluation criterion wherein each decision 

alternative or location in the map is associated with an attribute value for that criterion 

(Malczewski, 1999). Unique suitability functions reflecting criteria requirements are 

applied to each criterion map to transform the raw measured attribute values contained 

in the map into standardized unitless criterion scores (Jankowski, 1995). The criteria 

maps are then weighted based on their relative importance and combined through map 

algebra overlay operations in accordance with the decision rule to produce an output 

suitability map communicating the calculated suitability scores of each location 

alternative (Malczewski & Jankowski, 2020; Starr & Zeleny, 1977). The resulting 

suitability scores are also standardized values, ranging from 0, denoting a non-suitable 

location, to 1, denoting a perfectly suitable location. Although all MCE approaches follow 

this general procedure, differences exist in how the input criteria are combined (i.e. the 

decision rule) and how weights are determined and/or applied. Three variations of MCE 

available in common GIS software are weighted linear combination (WLC), analytical 

hierarchy process (AHP), and ordered weighted averaging (OWA).  

WLC follows a linear additive decision rule, combining the weighted criterion 

maps through simple map addition with the prerequisite that the sum of all criteria 

weights is 1 or 100% (Malczewski, 2000). Consequently WLC is defined by a neutral 

decision logic, with the implication that a high score on any evaluation criterion can 

partially compensate for a low score on any other (Malczewski, 2004). The AHP method 

originally proposed by Saaty (1977) uses pair-wise comparison of the criteria and the 

judgment of the DM to derive criteria weights based on a hierarchy of relative importance 
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established during the comparison process (Boroushaki & Malczewski, 2008). In addition 

to criterion weights OWA also requires order weights that are multiplied with alternative 

attribute values once the attribute values of alternative locations are sorted in 

descending order (Malczewski & Rinner, 2005). The resulting products are summed to 

obtain an overall suitability for each location. The order weights determine whether OWA 

operations will employ AND (Boolean), OR, or mid-point (WLC) combination logic 

(Malczewski, 2006).  

Although these methods are widely used in spatial MCE analysis, there are some 

limitations. As Dujmović (2007) asserts, decision-making models and the decision logic 

that constitutes them should be able to represent the properties and processes of human 

reasoning. This includes but is not limited to the concepts of simultaneity (satisfaction of 

multiple criteria), replaceability (low satisfaction with one criterion can be compensated 

with high satisfaction in another), neutrality (the mean level of satisfaction for multiple 

criteria), and mandatory (criteria must be satisfied) and desired (criteria satisfaction is 

ideal but not necessary) requirements. Commonly used GIS-based MCE methods fall 

short of these standards in two major ways. Firstly they can only handle small numbers 

of input criteria, up to approximately eight to 12 (Akıncı, Özalp, & Turgut, 2013; Aydi, 

Abichou, Nasr, Louati, & Zairi, 2015; Carver, 1991) – as the number of criteria increases, 

their significance decreases, due to the linear additive nature of the decision rule 

(Dujmović, De Tre, & Dragićević, 2009). Secondly these approaches utilize a limited 

subset of the fundamental decision logic that is necessary to credibly represent human 

reasoning, such as simultaneity (ANDness) and replaceability (ORness) (Dragićević & 

Hatch, 2018). For instance WLC-MCE uses a compensatory neutral decision logic that 

allows for trade-offs between all criteria (Dragićević et al., 2018; Eastman, 1999), when 

in reality it is highly unlikely that all decision criteria would be partially substitutable.  

A relatively recent development to overcome the disadvantages of traditional 

MCE methods involves integrating the Logic Scoring of Preference (LSP) method into a 

GIS-SDSS. The LSP method is characterized by flexible non-linear criteria aggregation 

and a decision structure that makes use of a full range of logic aggregators, allowing for 

a more accurate representation of human decision-making (Dujmović, 2007; Dujmović, 

De Tre, & Van de Weghe, 2010). LSP also takes into consideration a large number of 

criteria, without diminishing the significance of the inputs (Montgomery & Dragićević, 

2016). 
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1.1.3.  Logic Scoring of Preference Main Characteristics 

LSP is an MCE method with origins in soft computing for system evaluation of 

computer software and web browsers (Dragićević et al., 2018; Dujmović & Nagashima, 

2006). It is based on a spectrum of graded generalized conjunction / disjunction (GCD) 

logic that includes full and partial expression of aspects of conjunction (ANDness) and 

disjunction (ORness) (Dujmović, 2018). The primary goal of LSP is to provide an MCE 

approach modeled after the complex properties and processes behind human 

reasoning, predicated on the idea that the development of such techniques would 

ultimately enhance decision-making above and beyond the typical limitations of human 

evaluation (Dujmović, 2018). There are five main steps to the LSP method: (1) 

identification of the decision problem; (2) the construction of an attribute tree; (3) 

definition of elementary attribute criteria; (4) the development of the logic or LSP 

aggregation structure; and (5) derivation of suitability scores for all decision location 

alternatives and the creation of a suitability map. 

The attribute tree contains all the attributes that influence the overall suitability 

score and is organized in a hierarchy of system components (groups and subgroups) of 

decreasing complexity. Overarching components referred to as subsystem or compound 

attributes are decomposed or broken down into simpler categories or subgroups, which 

are further and iteratively broken down until they reach their simplest level and cannot be 

further decomposed, at which point they are considered elementary attributes 

(Dragićević et al., 2018; Montgomery & Dragićević, 2016). The DM must also determine 

which attributes are considered mandatory or nonmandatory (i.e. desired or optional). If 

mandatory attribute requirements are not met by a specific alternative, it receives an 

overall suitability score of zero. Conversely, if nonmandatory attribute requirements are 

not satisfied, the alternative is merely penalized with a reduction in the overall suitability 

score (Dujmović & Scheer, 2010).  

The next step involves defining the elementary criteria for each of the suitability 

attributes to reflect the DM’s requirement specifications. Elementary criteria are 

suitability functions that are used to determine the normalized values representing the 

level of satisfaction for a given attribute, termed elementary preferences (Dujmović & 

Fang, 2004; Dujmović, De Tré, & Dragićević, 2009). As with other MCE methods, the 

elementary preference can take on any value between 0 and 1 where 0 denotes an 
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unacceptable alternative and 1 represents an alternative that completely satisfies the 

criterion requirement.  

After the evaluation criteria are defined the LSP aggregation structure must be 

developed in a way that reflects the requirements of the DM. This entails the selection of 

suitable logic aggregators which specify the decision logic conditions and weights of 

relative importance to determine how values in the attribute tree will be combined 

(Rebolledo, Gil, Flotats, & Sánchez, 2016). LSP applies decision logic aggregators 

modeled after the GCD function which allows for a variety of aggregators spanning the 

spectrum from full conjunction or ANDness (α = 1 ; ꞷ = 0) to full disjunction or ORness 

(α = 0 ; ꞷ = 1) (Dujmović, 2008). Varying levels of ANDness and ORness gives rise to 

what can be broadly categorized into full or partial conjunction (simultaneity), neutrality 

(arithmetic mean as with WLC), and full or partial disjunction (replaceability) aggregators 

(Dujmović & Fang, 2004). Partial conjunction and disjunction aggregators can be 

classified further into hard or soft partial conjunction/ disjunction which pertain to 

mandatory/sufficient and nonmandatory requirements, respectively (Dujmović et al., 

2010). In the last step, once the LSP aggregation structure is defined, the elementary 

preferences are aggregated in a stepwise manner working up from the leaves of the 

attribute tree to the root to calculate the overall usefulness or suitability score of each 

alternative (Dujmović, 2018). Suitability scores can be presented as spatial output in the 

form of a suitability map. 

While studies have been conducted investigating the use of LSP suitability maps 

for evaluating optimal residence location (Dujmović & Scheer, 2010; Dujmović & De Tré, 

2011), there is a lack of available MCE methods for spatial analysis in a 3D GIS 

environment. This is important because many real-world decision problems involve 

alternatives that occur in 3D, and 3D modeling and analysis allow for improved analysis 

results and a better understanding and visualization of urban structure and related 

analysis outcomes (Ahmed & Sekar, 2015; Shiode, 2001).  

1.2. Research Problem and Objectives  

The increasing number of high-rise residential buildings in urban areas implies 

the need for spatial analysis and modeling methods that can support urban planning and 

decision-making through analysis of the densified urban environment. Such methods 



9 

could benefit urban planners and developers or assist the government with property tax 

assessment. However, such methods could also provide utility at the civilian level, 

specifically in appraising the subjective quality of increasingly prevalent high-rise 

residential units. 

Thus, there is a need for spatial analysis and modeling methods that operate in 

three spatial dimensions (3D) to assess the suitability of decision alternatives in 

multidimensional space. Such methods could for instance be applied to allow potential 

evaluation of residential unit qualities to select the optimal residence for a prospective 

resident from a set of unit alternatives that span in 3D, based on their unique 

preferences and requirements. They could also be used for other applications in an 

urban context, such as aiding government authorities in property tax assessment, and 

enabling urban planners to assess the effects of proposed development projects on 

neighbouring buildings. Spatial multi-criteria evaluation (MCE) methods can handle a 

number of input criteria and offers a tool for spatial decision-making that could be used 

in the context of urban densification.  

However there is currently a lack of MCE methods that apply spatial analysis to 

decision alternatives that exist in a 3D GIS environment. Furthermore, traditional GIS-

based MCE methods i.e. weighted linear combination (WLC) follow a linear additive rule 

and can handle a small number of input criteria, and provide a limited representation of 

human decision-making (Dujmović, Tre, & Dragićević, 2009). Thus, a more 

comprehensive MCE method is required. The logic scoring of preference (LSP) method 

has recently been implemented in spatial decision-making analyses as it is a more 

complex, comprehensive MCE method than WLC-MCE that more accurately reflects the 

processes behind human-decision making (Dujmović, 2007).  

Thus, this thesis research aims to test the limitations of traditional GIS-based 

MCE methods by raising the following research questions: 

1. How can traditional GIS-based WLC-MCE methods for suitability 
analysis be extended and implemented to operate in 3D? 

2. How can an advanced MCE method such as LSP for suitability 
analysis be extended and implemented to operate in 3D? 

In order to address the questions presented above, the main objectives of this 

thesis research are to develop spatial analysis approaches that extend existing GIS-
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based MCE methods to operate in 3D, and apply them to 3D suitability analysis of high-

rise residences based on various stakeholders’ unique preferences and requirements.  

The main research objectives are as follows:  

1. Develop a GIS-based WLC-MCE approach for 3D suitability analysis; 

2. Develop a GIS-based LSP-MCE approach for 3D suitability analysis 
and implement and perform sensitivity and cost-suitability analysis; 

3. Implement the proposed 3D GIS-based MCE approaches on real and 
synthetic datasets for the City of Vancouver, Canada, and using 
different scenarios to represent various goals. 

1.3. Study Sites and Data Sets 

The analyses in this thesis research were performed on the study area of 

downtown of the City of Vancouver, a major city located in southwestern British 

Columbia, Canada (Figure 1.1). Vancouver exhibits the highest level of densification 

among Canada’s metropolitan regions (Filion, Bunting, Pavlic, & Langlois, 2010), and 

downtown Vancouver in particular is highly densified due to the city’s planning initiatives 

promoting urban densification to meet sustainability goals (Filion et al., 2010; Metro 

Vancouver, 2015).  

 

Figure 1.1. Study area: Downtown City of Vancouver, BC, Canada. 
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Various geospatial and non-spatial datasets for the City of Vancouver were 

acquired to derive criteria attribute values for use in the 3D suitability analysis of high-

rise residences. Vector data on local features were obtained from the City of Vancouver 

(2017, 2021), DMTI Spatial Inc. (2014, 2019), Metro Vancouver (2020), and the 

Government of British Columbia (2021), and a 1m resolution digital elevation model from 

the Government of Canada (2020). Additional datasets on population (University of 

Toronto, 2017) and crime (Vancouver Police Department, 2021) were also obtained and 

incorporated in the analysis. Building footprints (City of Vancouver, 2021) and property 

information on residential buildings in the study area (BC Assessment, 2021a, BC 

Assessment, 2021b) were used to generate the residential unit data layers. Due to data 

inaccessibility and privacy issues real residential unit layouts could not be included, and 

so synthetic units were devised instead.  

Criteria attribute analyses were conducted in ArcGIS Desktop (ESRI, 2019a) 

while the 3D MCE approaches were coded and implemented in CityEngine (ESRI, 

2019b). The results of the 3D suitability analyses were displayed in a 3D suitability map 

in CityEngine, with each residential unit represented by a single voxel, defined here as a 

3D volumetric spatial unit possessing uniform attribute values.  

1.4. Thesis Overview  

This thesis is divided into four chapters, beginning with the introduction. The 

Introduction chapter provides the theoretical background and context for the thesis 

research work. The second chapter describes the development and implementation of a 

3D GIS-based WLC-MCE method for suitability analysis of synthetic data representing 

high-rise residential units in Downtown of the City of Vancouver, Canada for prospective 

residents. The residential units were represented in a GIS database as 3D voxels. 

Geospatial datasets for the City of Vancouver were used to derive the attribute values of 

each residential unit for eight decision criteria identified as influencing residence 

suitability, and suitability functions were developed to transform the attribute values into 

standardized criterion scores. Five scenarios based on alternative weighting schemes 

were devised, including three different prospective resident demographic type scenarios 

for which the analytic hierarchy process was used to derive criteria weights. The 3D 

WLC-MCE suitability analysis was implemented in CityEngine software and the results 

for the five scenarios were compared. The primary purpose of this chapter is to test the 
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ability to extend the WLC-MCE method to operate in a 3D GIS environment to analyze 

decision alternatives spanning three dimensions. 

In order to augment the number of criteria to analyze and size of the study area 

to encompass a higher number of buildings, Chapter Three extends this thesis research 

work by introducing a more advanced LSP-MCE method for suitability analysis in 3D. 

Due to accessibility and confidentiality reasons, it was not possible to use real residential 

units. Thus the developed 3D GIS-based LSP-MCE method was implemented on 

synthetic residential units, across all open-market high-rise residential buildings in 

Downtown Vancouver under three alternative prospective resident demographic type 

scenarios. Geospatial datasets covering the City of Vancouver, Canada were used to 

derive the attribute values of each residential voxel unit for 21 elementary attributes, 

which were standardized into elementary preferences using elementary criteria 

functions. Scenario-specific attribute trees were developed and combined with scenario-

specific weights and aggregators to obtain the final LSP aggregation structures. The 

elementary attributes were combined following the LSP aggregation structures to 

compute the overall suitability score of each residential unit. A cost-suitability analysis 

was also performed to determine the overall value of each residential unit based on cost 

and suitability.  

Chapter Four concludes the thesis with a summary of the overall thesis results 

and limitations of this research work. Furthermore, the chapter delves into potential 

directions for future research and thesis contributions. 
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Chapter 2.  
 
Spatial Multi-Criteria Evaluation in 3D Context: 
Suitability Analysis of Urban Vertical Development * 

2.1. Abstract 

Urban densification is often seen as a process that aims to limit the negative 

environmental impacts of urban sprawl in rapidly growing cities by prioritizing planning 

policies stimulating vertical growth (or high-rise development) over expansion along the 

urban fringe. Densification of major Canadian urban areas has led to the proliferation of 

high-rises with an increasing proportion of residents occupying these buildings rather 

than traditional individual housing. Thus, there is a need for analytical methods that can 

evaluate the suitability of different residential units in vertical urban developments based 

on unique criteria for different stakeholders such as prospective residents, developers, 

or municipal planners. Multi-criteria evaluation (MCE) analysis with weighted linear 

combination (WLC) is frequently implemented in geographic information systems (GIS) 

to identify the appropriate solution(s) for a decision problem. However, there are 

currently no available MCE methods for spatial analysis that can provide evaluation in a 

three-dimensional (3D) GIS environment, such as for urban vertical development. 

Therefore, the main objective of this study is to propose a 3D WLC-MCE suitability 

analysis method for suitability of high-rise residential units in a dense urban area. Five 

preference scenarios were developed and applied to data from City of Vancouver, 

Canada. The results indicate that south-facing units and units on higher floors generally 

exhibit higher levels of suitability as they are less affected by the noise and pollution of 

the urban road network and receive more sunlight and ocean views. The proposed 3D 

MCE approach can be used for urban planning and property tax assessment.  

Keywords:  three dimensions (3D); geographic information systems (GIS); 

multicriteria evaluation (MCE); 3D spatial analysis; vertical urban 

development; 3D suitability analysis 
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With approximately 55% of the global population now residing in urban areas, the 

adverse effects of increasing urbanization are widely recognized (United Nations, 2019). 

Rapid population growth often manifests in the form of urban sprawl, a pattern of 

uneven, discontinuous low-density urban expansion associated with a plethora of 

detrimental impacts to the environment, including degradation of environmental 

resources, reduced water quality and quantity, loss of agricultural land, forest and wildlife 

habitat, and increased traffic and air pollution (Frumkin, 2002; Gargiulo, Sateriano, 

Bartolomei, & Salvati, 2012). Policy makers have adopted a variety of approaches to 

combat the negative effects of urban sprawl, a prominent one being increased urban 

densification to achieve urban compactness (Shi, Yang, & Gao, 2016; Vuckovic, Loibl, 

Tötzer, & Stollnberger, 2019). 

Urban densification or vertical urban growth is taking part of many planning 

policies that aims to increase the population and infrastructural density or ‘compactness’ 

of cities by promoting walkability, transit accessibility, and concentration of building 

development in centralized areas (Hamidi, 2019; Wolsink, 2016). The proliferation of 

high-rise buildings used as residential or office spaces in many large cities is the result 

of municipalities implementing urban densification initiatives by actively exploiting the 

vertical dimension of the land’s potential, rather than expanding development outwards 

and contributing to further urban sprawl (Koziatek & Dragićević, 2019). Consequently, an 

increasing proportion of residents in North American cities are found living in high-rise 

residential buildings, rather than traditional individual housing (Rosen & Walks, 2013). 

Therefore, there is a growing necessity for analytical methods that can be applied 

to high density urban environments that relate to three spatial dimensions (3D), 

providing essential tools for city policy and design planning and decision-making. City 

modeling and analysis is necessary to simulate and visualize urban scenarios, compare 

and contrast alternatives, forecast conditions, and analyze current or potential amenity 

values in order to best utilize the limited developable space (Koziatek & Dragićević, 

2017). Various analytical methods have been implemented in geographic information 

systems (GIS) based research to assess urban features of interest to planners and 

developers, including estimating buildings’ photovoltaic potential (Li, Zhang, & Davey, 

2015), energy analysis (Evans, Liddiard, & Steadman, 2017), view quality (Rafiee, Dias, 

Fruijtier, & Scholten, 2014) and visibility (Saeidi, Mirkarimi, Mohammadzadeh, 

Salmanmahiny, & Arrowsmith, 2019), and shadow analysis (Rafiee et al., 2014).  
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As urban areas continue to densify and residential high-rises become more 

prevalent, there is a need for an analytical method that can evaluate in 3D the overall 

suitability of different aspects of high-rise buildings. In this research study the main 

objective is to propose a multi-criteria evaluation method to perform the suitability 

analysis in 3D context of urban residential high-rise buildings to determine suitable units, 

based on the unique criteria and preferences of prospective residents. The 3D multi-

criteria evaluation analysis method can also allow for enhanced understanding and 

visualization of suitability through the 3D urban representations. The proposed method is 

implemented with datasets from the City of Vancouver, Canada as a case study. 

2.2. Theoretical background 

2.2.1. Multi-criteria evaluation 

Multi-criteria evaluation (MCE) analysis is a technique commonly used in 

conjunction with GIS to aid in spatial decision-making when there are multiple important 

and conflicting criteria and objectives to be considered (Jankowski, 1995; Voogd, 1983). 

It investigates the suitability of a number of alternatives for a predefined goal by 

considering a weighted set of evaluation criteria and acceptable limits for each of the 

constraints (Jiang & Eastman, 2000; Massam, 1988; Vries, 1992). MCE analysis was 

originally conceived in the 1970s as a substitute for a traditional approach to decision-

making in environmental economics that was generally deemed inadequate for capturing 

negative externalities and was later linked to GIS (Carver, 1991; Malczewski, 2010). 

 Since then MCE analysis has proven to be applicable in the spatial context and 

compatible with raster GIS (Malczewski & Jankowski, 2020). Central to GIS-based MCE 

analysis is the calculation of suitability values that can be presented as a suitability map. 

The set of predefined evaluation criteria to be included in the decision-making are 

represented by individual GIS layers wherein each raster cell contains the attribute value 

associated with that geographic location (Malczewski, 1999). Map algebra overlay 

operations are used in conjunction with criterion weights, indicative of the relative 

importance of each criterion as assigned by the decision maker (DM), and the decision 

rule, which dictates how the criteria are combined and thus geographic locations are 

ordered (Starr & Zeleny, 1977), to combine the criterion maps (Malczewski, 1999). The 

result is a generated suitability map that expresses the suitability values or scores for 
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each raster cell comprising the study area, ranging from 0 (non-suitable) to 1 (most 

suitable).  

Weighted linear combination (WLC) is a particular MCE method commonly used 

in GIS-based spatial analysis wherein the weighted criterion maps are combined to 

obtain an overall suitability score for each alternative, with the requirement that the 

criterion weights add up to 1 or 100% (Malczewski, 2000). WLC is considered to be a 

compensatory approach as a high score on one evaluation criterion can offset a low 

score on any other (Malczewski, 2004). Following Eastman, Jin, Kyem, & Toledano 

(1995) and Malczewski (2000), the GIS-based WLC-MCE method analyzes a set of 

decision alternatives represented by two-dimensional (2D) units as raster cells (r) and 

can be described by the following formula: 

                        𝑆(𝑟𝑖)  =  ∑ 𝑤𝑗 𝑓𝑗(𝑟𝑖)
𝑛

𝑗=1
                                                                                (1) 

                                                ∑ 𝑤𝑗 = 1
𝑛

𝑗=1
                0 <  𝑤𝑖 < 1         R = { 𝑟𝑖 | i = 1, 2, …, m }  

where 𝑆(𝑟𝑖) is the overall suitability value of alternative 𝑟𝑖 from a set of decision 

alternatives R, represented by a raster cell r at a position i  defined by (x, y) coordinates 

in 2D space; 𝑤𝑗  is the weight of importance assigned to criterion 𝑗; and 𝑓𝑗(𝑟𝑖) is the 

suitability function that transforms the actual measured value (i.e. attribute value) into a 

standardized suitability value between 0 and 1 (criterion score) for the 𝑗th
 criterion, 

thereby allowing comparison between criteria of differing units.  

GIS-based MCE analysis is used extensively in urban studies to locate the 

optimal site for a diverse array of facilities, such as aquaculture farms (Hadipour, Vafaie, 

& Hadipour, 2015), hazardous materials storage (Kabak & Keskin, 2018) and waste 

landfills (Barakat, Hilali, Baghdadi, & Touhami, 2017) to name a few. Land use suitability 

analysis for identifying suitable land for development is another common application of 

GIS-MCE methods, as they are capable of incorporating the various associated physical, 

social, and economic criteria, as well as the numerous objectives supported by various 

stakeholders for the land resource (Chen, 2014; Jankowski & Richard, 1994). Moreover, 

GIS-based MCE for land use suitability has been used to support spatio-temporal 
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models for forecasting urban development scenarios (Maithani, 2011; Tajbakhsh, 

Memarian, & Shahrokhi, 2016; Wu, 1998). 

2.2.2. 3D analysis in the urban context 

The employment of 3D analysis in urban planning has become increasingly 

essential in ensuring the optimization of land use and urban morphology, as cities 

continue to densify (Ahmed & Sekar, 2015). Compared with their 2D counterparts, 3D 

city models allow for better visualization and comprehension of urban spatial structure, a 

higher degree of reliability and realism (Saran et al., 2018), enhanced planning and 

decision-making ability (Yin & Shiode, 2014), and general added value (Herbert & Chen, 

2015). Architects and engineers rely on computer-aided design (CAD) software (DeVries 

& Harink, 2007) and building information modeling (BIM) systems (Isikdag, Zlatanova, & 

Underwood, 2013) for deriving 3D models, however a large body of urban analysis is 

carried out in GIS (Hien, Kardinal, & Liang, 2011).  

GIS-based urban modeling provides robust spatial analyses and is capable of 

handling a wide variety of data formats and processing procedures to generate the city 

model (Shiode, 2001), from procedural rule-based modeling including extrusion of 2D 

features (Biljecki, Ledoux, & Stoter, 2017), to implementing algorithms for automatic 

extraction of footprints and models from LiDAR point clouds or laser scans (Prieto, 

Izkara, & Usobiaga, 2019). More detailed models for urban planning are designed using 

City Geography Markup Language (CityGML), the current international standard of the 

Open Geospatial Consortium (OGC) for 3D city modeling (Gröger & Plümer, 2012). 

CityGML is capable of storing both geometric and semantic information, including the 

definition of building features individually and in relation to each other (Gröger & Plümer, 

2012). The interoperability of the open data model allows for the 3D urban models to be 

opened and displayed in a wide variety of application software for visualization and 

analysis tasks (Saran et al., 2018). 

The purpose of 3D analyses in urban applications ranges from simple 

visualization to more complex analyses and queries. A number of studies have used 

volumetric building models created through footprint extrusion for a variety of analyses, 

including population estimation (Biljecki, Ohori, Ledoux, Peters, & Stoter, 2016), land 

use suitability analysis forecasting the locations and extent of future vertical urban 
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densification (Koziatek & Dragićević, 2017), and quantification of sunlight exposure 

(Zhang, Li, Liu, & Liu, 2014) and view (Oud, 2017). More precise 3D models obtained 

through manipulation of LiDAR datasets (Hindsley, Hamilton, & Morgan, 2013) and 

cadastral data in a spatial database (DB) management system (Tomić, Roić, & 

Mastelićivić, 2012) have also been employed to estimate the amount of view. Other 

studies have used detailed CityGML datasets to investigate potential ways to enhance 

urban planning systems, such as assessing urban development sustainability and 

visualizing potential projected changes in residential building density (Xu & Coors, 

2012), and appraising the use of open source 3D web-mapping participation platforms to 

enhance citizen visualization and understanding of alternative urban planning scenarios 

(Lafrance, Daniel, & Dragićević, 2019). 

A number of studies have investigated the use of GIS-based simple additive 

weighting MCE methods for evaluating location suitability, such as for residence 

(Albacete, Pasanen, & Kolehmainen, 2012; Rinner & Heppleston, 2006). However, there 

are currently no available MCE methods to perform suitability analysis in a 3D 

environment. In contrast to 2D methods, 3D analysis and modeling allow for more 

realistic, comprehensive analysis in three spatial dimensions, and provides opportunities 

for enhanced visualization and appraisal of physical structures through the 3D 

representations (Ahmed & Sekar, 2015; Koramaz & Gulersoy, 2011; Shiode, 2001). In 

this research study a new approach for spatial MCE suitability analysis in 3D is proposed 

to calculate the overall suitability of residential units in high-rise buildings using criteria 

that is uniquely valued by prospective residents. The method was developed and 

implemented using actual and synthetic geospatial data and ESRI’s CityEngine software 

(2019b). 
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2.3. Methodology 

2.3.1. 3D MCE method  

The workflow for the proposed 3D GIS-based MCE method (Figure 2.1) is based 

on the WLC approach and involves five steps: (1) selection of evaluation criteria, 

weights, and suitability functions; (2) 2D spatial criteria analysis; (3) voxelization for 3D 

representation; (4) 3D spatial criteria analysis; and (5) calculation and display of 3D 

suitability scores. For the purposes of this research study a voxel (volumetric pixel) is 

defined as a three-dimensional volumetric spatial unit defined by (x, y, z) coordinates 

with its position in a 3D GIS environment, that possesses uniform attribute values 

corresponding to each criterion.  

The first steps of the proposed workflow are common to all MCE approaches 

wherein the DM is required to define the decision problem and identify relevant criteria to 

be included in the analysis. Then appropriate weights of importance and suitability 

membership functions are selected for the evaluation criteria based on review of the 

literature or expert knowledge. As the proposed method is WLC-MCE, the criteria 

weights must be chosen such that they sum up to 1 or 100%. 

The second step involves performing analyses necessary to obtain criteria values 

that are 2D in nature. For instance, the distance to a city park would be considered a 2D 

criteria value as it is identical for every 3D spatial voxel unit in a given high-rise building, 

regardless of which storey they are located on. This is accomplished using analyses 

performed on GIS data layers representing the areal base (i.e. x and y dimensions) of 

the alternative units to be analyzed. Specialized 2.5D GIS tools can also be run to obtain 

criteria values for individual units (e.g. for viewshed analysis), and supplementary 

attribute data to be used for calculations in the 3D space can be computed or inputted at 

this stage. 

The third step, the voxelization process, entails extruding the 2D data layers to a 

specified height to generate 3D voxels representing the decision alternatives or each 

spatial unit in the high-rise buildings. Extrusion was performed to create the units as 

more detailed building data required to design a more complex model such as CityGML 

were not available; however for the purposes of this study such fine detail is not  
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Figure 2.1. Schematic representation of the proposed 3D GIS-based MCE 
method. 

  



28 

necessary. Using supplementary data from the second step, further criteria values that 

are 3D in nature can be calculated in the 3D space for the fourth step. For example, 

attribute values on distance from the nearest street can be combined in a modeling 

equation with the height of an apartment, represented as a voxel, to determine the level 

of noise that it is exposed to.  

Once all criteria values are obtained for each voxel, the fifth and final step is to 

perform the 3D WLC-MCE suitability analysis to calculate the suitability scores. The 3D 

suitability analysis is conducted on a set of decision alternatives represented here by 3D 

voxel units (v) as per the extended formula 1:  

𝑆(𝑣𝑖)  =  ∑ 𝑤𝑗 𝑓𝑗(𝑣𝑖)

𝑛

𝑗=1

                                                                        (2) 

                                                         ∑ 𝑤𝑗 = 1
𝑛

𝑗=1
             0 <  𝑤𝑖 < 1         V = { 𝑣𝑖  | i = 1, 2, …, m }  

where 𝑆(𝑣𝑖) is the overall suitability value of alternative 𝑣𝑖 from a set of decision 

alternatives V, represented by a voxel 𝑣 at a position i defined by (x, y, z) coordinates in 

3D space; 𝑤𝑗 is the weight of importance assigned to criterion 𝑗; and 𝑓𝑗(𝑣𝑖) is the 

suitability function that transforms the raw attribute value for alternative 𝑣𝑖 into the 

standardized criterion score for the 𝑗th criterion.  

The 3D suitability analysis combines the voxel attribute values, the equations for 

criteria calculated in 3D space (i.e. noise, air pollution), the suitability function definitions, 

and the criteria weights to sum the eight weighted standardized criteria and obtain the 

final 3D suitability scores for each voxel unit using formula 2, and generate the 3D 

suitability map. Different choices of color schema can be used for the 3D suitability 

values to represent the obtained results in 3D.  

2.3.2. Study area and datasets  

The most recent national census provided a population estimate of 630,000 

inhabitants in the City of Vancouver (Statistics Canada, 2017a), projected to increase 

21% by 2041 (Metro Vancouver, 2015b). The City of Vancouver, British Columbia 
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exemplifies the urban densification process – despite record population growth rates, it 

has managed to achieve the highest level of densification among Canada’s metropolitan 

regions and is still on the rise (Filion, Bunting, Pavlic, & Langlois, 2010; Rosol, 2013). 

The study area of downtown Vancouver (Figure 2.2) has been used in this research as it 

has a particularly high concentration of high-rise buildings and an augmented dynamic of 

vertical development due to the city’s sustainability initiatives targeting increasing urban 

compactness (Filion et al., 2010; Metro Vancouver, 2015a). With the population growth, 

there is a continued trend towards urban densification and habitation in downtown 

Vancouver.  

 

Figure 2.2. Study area of downtown Vancouver in Metro Vancouver regional 
district, British Columbia, Canada, with the 3D model of high-rise 
buildings generated by footprint extrusion and ten residential towers 
highlighted in orange used to implement the 3D. 
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In addition to possessing a dense business and residential core, downtown 

Vancouver has a well-developed transit network, an abundance of commercial and retail 

services, multiple cultural and heritage areas, several greenspaces and access to water 

and beaches. This combination of amenities and services is attractive to a diverse group 

of potential residents and applying the MCE approach to alternative scenarios using 

varying criteria weights can reflect the disparate values different types of residents might 

assign to particular housing features. 

Geospatial datasets comprising the local terrain, water, street network, parks, 

schools, Skytrain (local rapid transit system) stations, building footprints, and 

dissemination area boundaries were obtained for the study area, together with 

supplementary traffic (traffic signals, posted speed limits, daily traffic volumes) and air 

quality data (land use) (City of Vancouver, 2017a, 2017b; Government of British 

Columbia, 2017; Government of Canada, 2019; Metro Vancouver, 2016; 

OpenStreetMap, 2017; Schneider, 2020; SFU Library Data Services & DMTI Spatial Inc, 

2014, 2019; Statistics Canada, 2020). Information on the number of storeys and units in 

individual buildings was collected from BC Assessment (BC Assessment, 2017) and 

2011 population data was obtained at the dissemination area level using the Computing 

in the Humanities and Social Sciences (CHASS) Canadian Census Analyser (University 

of Toronto, 2014). Ten high-rise building towers were selected for the implementation of 

the 3D WLC-MCE approach. 

2.3.3. Selection of criteria and suitability value calculations 

Living in close proximity to amenities such as waterfront, parks, schools and 

Skytrain stations is a convenience that would be attractive to potential residents. Parks 

and waterbodies provide amusement and recreational opportunities while promoting 

physical activity (Jim & Chen, 2010). Families with children prefer to live closer to 

schools to limit travel time and reduce risks to their children’s safety (Martin & Carlson, 

2005) while proximity to Skytrain stations is desirable for those who rely on public transit. 

Elevated levels of noise and air pollution can negatively impact mental and physical well-

being; air pollution can cause or exacerbate cardiovascular and respiratory diseases 

(Buzzelli, 2008; Saptutyningsih & Ma’ruf, 2015) and exposure to excessive and/or 

prolonged noise can cause stress, sleep deprivation, speech interference, hearing 

damage or loss, and in extreme cases, cardiovascular issues (Edworthy, 1997; 
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Wakefield Acoustics Ltd., 2004). Conversely, access to sunlight (Yasumoto, Jones, 

Yano, & Nakaya, 2012) and quality views (Yasumoto, Jones, Nakaya, & Yano, 2011) is 

associated with positive effects, including the amelioration of depressive symptoms and 

enhanced general well-being. Therefore, eight criteria have been identified as main 

factors influencing the suitability of the smallest urban 3D units such as high-rise 

apartments and are presented in Table 2.1 together with suitability functions. They are 

as follows: proximity to amenities such as waterfront, parks, schools and Skytrain 

stations (frequent limited-stop transit service); noise level; air pollution; amount of 

sunlight; and view quality. 

The proximity criteria (distances to waterfront, parks, schools, and Skytrain 

stations) are referred to as 2D criteria, as the height of the smallest urban unit 

represented by a voxel has no impact on its attribute value, whereas noise level, air 

pollution, sunlight, and view are considered to be 3D criteria as the voxel unit’s position 

in the vertical dimension will influence its value. The attribute values for each of the eight 

criteria were calculated as outlined below. 

Proximity to Amenities: The proximity to water, parks, schools, and Skytrain 

stations were calculated for each of the residential buildings in the study. The Euclidean 

distance from each building to the nearest amenity of each type was computed as a 2D 

attribute in a UTM 10N NAD 1983 coordinate system. Thus, the proximity to the nearest 

instance of each amenity type is identical for every unit within the same building.  

Noise: Although methods exist to prepare 2D structural and topographic data as 

3D inputs for noise simulation (Stoter et al., 2020), the software necessary for simulation 

analysis was not readily available. Thus for the purposes of this research study, a 

simplified mathematical formula was used to estimate noise levels experienced by 

residents in downtown buildings due to traffic based on 2D input data and height 

intervals. The estimate of noise level was based on the procedure outlined in the Noise 

Control Manual by the City of Vancouver (Wakefield Acoustics Ltd., 2004). Although the 

procedure typically involves several additional noise factors, due to lack of data, noise 

levels were estimated using four variables: distance from the source; posted speed limit; 

daily traffic volume; and distance from a stoplight, and were calculated as follows: 

𝐿𝑒𝑞(24)𝐴 =  𝐿𝑒𝑞(24)𝑈  ± 𝑃 + 𝑆                                            𝐹𝑜𝑟𝑚𝑢𝑙𝑎 (3) 
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Table 2.1. List of criteria and suitability functions with their justification and associated references. 

 Criteria Suitability Function and Units Justification References 

2D Proximity to waterfront Crit(Proximity to waterfront) = 
{(10,1), (800,0)} [m] 

800 m (equivalent to approximately 10-12 minutes’ walk) is 
assumed to be a break point 

Michelle et al., 2012 

 Proximity to parks Crit(Proximity to parks) = {(10,1), 
(400,0)} [m] 

The City of Vancouver aims to have every resident living 
within 5 minutes’ walk (400 m) of a green space by 2020 

City of Vancouver, 2012 

 Proximity to schools Crit(Proximity to schools) = 
{(10,1), (2000,0)} [m] 

The average maximum walking distance to an elementary 
school within a given catchment area is 1274 m, with a 
maximum distance of 2600 m 

Vancouver Board of 
Education, 2015 

 Proximity to Skytrain 
stations 

Crit(Proximity to stations) = 
{(10,1), (800,0)} [m] 

Most people are willing to walk 800m (10-12 minutes) for 
frequent limited-stop transit service, i.e. Skytrain 

Michelle et al., 2012 

3D Level of noise Crit(Level of noise) = {(30,1), 
(80,0)} [dBA] 

Sleep disruption can occur at a sustained noise level of ≥ 30 
dBA. More severe consequences e.g. hearing damage can 
occur at levels of  ≥ 80 dBA 

Wakefield Acoustics 
Ltd., 2004 

 Level of air pollution 
(NO2) 

Crit(Level of air pollution) = 
{(12,1), (22,0)} [ppb] 

Metro Vancouver’s air quality objective for NO2 is to stay well 
below an average annual concentration of 22 ppb. However, 
NO2 concentrations do not appear to drop below 9-12 ppb in 
Downtown Vancouver 

Metro Vancouver, 2010; 
Wang et al., 2013 

 Hours of direct sunlight Crit(Hours of direct sunlight) = 
{(0,0), (12,1)} [h] 

It is assumed that the more hours of direct sunlight an 
apartment unit is exposed to, the more desirable it is for 
living due to its benefits to well-being 

Yasumoto et al., 2012 

 View (cumulative 
viewshed + ½ water 
viewshed) 

Crit(View) = {(13771,0), 
(272320,1)} [m2] 

Scores were scaled linearly following view analysis and 
assigning value 0 for the 10th percentile of combined view 
(13771 m2) to value 1 for 90th percentile area of combined 
view (272320 m2) 

Yasumoto et al., 2011 
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where 𝐿𝑒𝑞(24)𝐴 is the adjusted average daily noise level each building smallest unit is 

exposed to; 𝐿𝑒𝑞(24)𝐴 is the unadjusted average daily noise level; 𝑃 is the adjustment for 

posted speed limit; and 𝑆 is the adjustment for stop-and-go traffic. 

If a unit was situated near the intersection of two streets, the noisier of the two 

was taken as the primary noise source. The average daily traffic volume for each street 

was estimated using previous years’ traffic counts recorded by the City of Vancouver 

(2017b). This information was used to estimate unadjusted average daily noise level 

(dBA) listed in the manual (Wakefield Acoustics Ltd., 2004); distance decay calculations 

were then applied to this value to account for the effects of noise attenuation. Further 

adjustments were made in accordance with the manual for the effects of nearby 

stoplights and the posted speed limit.  

Air Pollution: A land use regression (LUR) model (Wang et al., 2013) was used to 

estimate the average annual air pollution levels each unit is exposed to, specifically for 

Metro Vancouver Region. Air pollution modeling was restricted to nitrogen dioxide (NO2) 

in [ppb] but this is acceptable as the compound is considered to be a decent proxy for 

estimating the concentration of all urban air pollutants (Levy, Mihele, Lu, Narayan, & 

Brook, 2014). To approximate the changes in NO2 pollution among different building 

heights, the vertical profile of NO2 was created by averaging measurements as a vertical 

gradient (Meng et al., 2007).  

Direct Sunlight: The amount of direct sunlight received by each unit in the ten 

high-rise buildings was determined by Solar Radiation tool (Yasumoto et al., 2012) which 

accounts for the shadowing effects of neighboring buildings. The combination of a GIS 

layer on sun exposure and viewshed were used to calculate the duration (in hours) of 

direct sunlight each unit is exposed to. All sunlight computations were performed for the 

equinox days to approximate the moderate amount of sunlight received by each unit on 

a ‘typical’ day.  

View: Viewshed analysis is a 2.5D approach that provides a means for 

estimating the ‘quantity’ of view by summing the number of DEM cells that can be 

perceived from a specified vantage point in unobstructed lines of sight within a given 

radius; thus, it is a measure of the area that can be seen (Yang, Putra, & Li, 2007). The 

cumulative viewshed area was computed using a radius of 500m, as previous studies 
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have demonstrated that increasing beyond this distance does not lead to a significant 

increase in calculated viewshed (Lake, Lovett, Bateman, & Langford, 1998; Yasumoto et 

al., 2011; Yu, Han, & Chai, 2007). Studies have shown that people generally prefer and 

are willing to pay more for a view of the sea rather than a view of the city (Yamagata, 

Murakami, Yoshida, Seya, & Kuroda, 2016; Yu et al., 2007), therefore the resulting 

raster layer from the viewshed analysis was overlaid with a layer of the surrounding 

water to incorporate a measure of water view in addition to the calculated total viewshed 

(Yasumoto et al., 2011). The viewshed analysis was performed and the view criteria 

suitability function derived from the range of resulting view scores (Table 2.1).  

2.4. Implementation and results 

The proposed 3D MCE approach was implemented using ArcGIS 10.7.1 (ESRI, 

2019a) and CityEngine 2019.1 software. The voxelization process generated 1211 

synthetic residential units across ten high-rise buildings located in central and southern 

areas of downtown Vancouver (Figure 2.2) to enable the 3D suitability analysis. While 

the building outlines were derived from real geospatial data, the shape and number of 

units on each floor were estimated using floor and unit number information provided by 

BC Assessment’s e-ValueBC site (BC Assessment, 2017) and building imagery where 

available. Floor-to-floor height was assumed to be 3m as per previous analytical studies 

(Li, Koks, Taubenböck, & van Vliet, 2020; Magarotto, Tenedório, da Costa, Calor, & da 

Silva, 2019).  

Analysis was conducted in ArcGIS to determine values for 2D spatial proximity 

criteria and sunlight and viewshed quantities. CityEngine software rules were 

programmed to conduct analyses using its unique programming language, Computer 

Generated Architecture (CGA). CGA rule files were written to perform the voxelization 

procedure, calculate values for 3D criteria, and conduct the 3D suitability analysis. 

Separate rule files were also created to analyze apartment suitability based on each 

individual criterion and the units were coded for colors for each class. Figure 2.3 

presents the generated 3D maps for each criterion corresponding to each suitability 

function presented in Table 2.1.  



35 

 

Figure 2.3. 3D voxel maps representing residential units for each criterion: (a) 
proximity to the waterfront; (b) proximity to parks; (c) proximity to 
schools; (d) proximity to Skytrain stations; (e) level of noise; (f) level 
of air pollution (NO2); (g) hours of exposure to direct sunlight; and 
(h) view quality. 
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Apartments with smaller values for noise, air pollution, and proximity to parks, 

water, schools and Skytrain stations are considered more suitable than apartments with 

larger values for these criteria (Figure 2.3). Conversely, larger values for view and hours 

of sunlight duration are associated with higher levels of suitability. The value for the view 

criterion was calculated as the cumulative viewshed plus half of the water viewshed, to 

account for the fact that a view of the water is typically desired over a view of the city.  

2.4.1. Scenarios 

In order to accommodate possible variations in decision-making, five alternative 

scenarios (Table 2.2) have been developed: basic; 3D-oriented; family-oriented; elderly-

oriented; and working professionals-oriented. The basic scenario (Scenario 1) weights 

each of the eight decision criteria equally, whereas the 3D-oriented scenario (Scenario 

2) weights the four 3D criteria (view, noise level, hours of direct sunlight, and air 

pollution) to be twice as important as their 2D counterparts (the four proximity criteria). 

The remaining three scenarios are tailored to the preferences of specific resident ‘types’: 

families (Scenario 3); the elderly (Scenario 4); and working professionals (Scenario 5). 

 Criteria weights for each of these scenarios were determined via the analytic 

hierarchy process (AHP) originally proposed by Saaty (1977). The AHP method requires 

the DM to create a pairwise comparison matrix by ranking the relative importance of 

each criteria pair using ratios of values from 1 to 9, where a value of 1 indicates the two 

criteria are equally important, and a value of 9 implies that one of the criteria is very 

strongly preferred over the other (Saaty, 1987). The principal eigenvector of the 

completed matrix is computed and the result normalized to obtain the criteria weights 

(Boroushaki & Malczewski, 2008; Saaty, 1987). The rankings for each criteria pair in the 

three preference scenarios were estimated based on the criteria each resident type 

would prioritize, the rationale for which is elaborated upon here.   

In Scenario 3 air pollution was assigned the largest weight as concerns for 

children’s health are assumed to be of highest priority. Families with children are also 

likely to place an emphasis on criteria such as proximity to schools, and parks and water 

for recreational activities, so these received the next highest weights. Proximity to 

Skytrain stations was considered less important, as families often prefer driving to their 

destinations. Noise level is considered unimportant as households with children tend to  
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Table 2.2. Weights for the five alternative 3D scenarios. 

Scenarios 

Criteria Weights 

Proximity  
to water-
front 

Proximity to 
parks 

Proximity to 
schools 

Proximity to 
Skytrain 
stations 

Level of 
noise 

Level of air 
pollution 

Hours of 
direct 
sunlight 

View 

1. Basic 0.1250 0.1250 0.1250 0.1250 0.1250 0.1250 0.1250 0.1250 

2. 3D-Oriented 0.0833 0.0833 0.0833 0.0833 0.1667 0.1667 0.1667 0.1667 

3. Families 0.1755 0.1755 0.1755 0.0279 0.0279 0.3619 0.0279 0.0279 

4. Elderly 0.0590 0.0590 0.0000 0.0204 0.2984 0.2984 0.1324 0.1324 

5. Working     

    Professionals 

0.1390 0.1390 0.0000 0.0705 0.0229 0.0229 0.3028 0.3028 
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create noisy environments and view quality and amount of sunlight were thought to be 

equally low priorities.  

Elderly residents are assumed to be sensitive to high levels of noise and air 

pollution, so these criteria received the highest weights in Scenario 4. Aesthetic views 

and sunlight availability were considered to be of secondary importance while proximity 

to parks and the waterfront, though appealing, were ranked lower as the elderly are the 

resident type most likely to spend more time indoors than outside. Proximity to Skytrain 

stations is also ranked low for this reason, and that the elderly may prefer to be driven to 

their destinations. Distance to schools would be irrelevant and thus is omitted from the 

suitability analysis. 

Scenario 5 reflects the preferences of young working singles who are likely to 

place high value on aesthetic amenities like view and sunlight availability, followed by 

access to recreational areas like parks and the waterfront. Noise and air pollution 

probably do not concern young singles as much as other resident types and so are 

assigned low weights. Proximity to Skytrain stations is moderately important, as working 

professionals in the downtown area may opt to walk or drive rather than use transit. As 

with Scenario 4, proximity to schools was omitted from the analysis as a non-important 

criterion. 

2.4.2. 3D suitability results and discussion 

The results of the 3D MCE suitability analysis for Scenario 1 where all criteria 

were weighted equally are presented in Figure 2.4. The results present residential unit 

voxels in eight classes, ranging from very high to very low suitability (unsuitable). It is 

evident that the proposed 3D WLC-MCE method is capable of reflecting interactions with 

the external urban environment. For instance, apartments higher in elevation, which are 

associated with better conditions for sunlight access, view, noise, and pollution levels 

generally return higher suitability scores than lower ones. To confirm the integrity of the 

obtained 3D suitability scores, a sample of units were randomly selected and their 

suitability scores calculated manually to ensure they were consistent with the output 

obtained by the implemented code. 
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Figure 2.4. Results of the suitability analysis for basic Scenario 1.  

Compared with results from Scenario 1, the suitability levels of the majority of the 

voxel units under Scenario 2 (where the four 3D criteria were weighted twice as 

important as 2D criteria) have either remained stable or decreased (Fig. 2.5A). The 

reduction in suitability levels is most pronounced in the five buildings in the foreground; 

this makes sense as these buildings score moderate to very high suitability on most of 

the proximity criteria (Fig. 2.3A-D), which now hold less weight than previously. It is 

evident that the 3D MCE method is capable of capturing differences in the urban 

environment, with respect to 3D criteria. For instance, units oriented south (Fig. 2.5A) 

generally exhibit higher levels of suitability than those oriented towards the North (Fig. 

2.5B), as they have greater access to sunlight and sea views. Similarly, the five high-rise 

buildings in the background to the North (Fig. 2.5A) display lower suitability levels than 

those in the foreground, as these towers are situated near the denser downtown core 

and thus are surrounded by more high-rises and increased road traffic which negatively 

impacts suitability in terms of noise, pollution, view and sunlight values.  
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Figure 2.5. Results of the 3D suitability analysis for Scenario 2, for apartments 
facing (a) north and (b) south.  

For Scenario 3 the obtained 3D suitability values indicate at least a moderately 

high degree of suitability for the majority of residential units in the five foreground 

buildings, with relatively low levels of suitability exhibited by the background buildings to 

the North (Fig. 2.6A). This can be attributed to the fact that after pollution which almost 
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all residential buildings scored similarly on, the proximities to parks, water bodies and 

schools are assumed to be the most important criteria to families with children, for which 

every one of the foreground buildings has high suitability (Figs. 2.3A-C) due to their 

close proximity to each of these amenities.  

The most suitable living units under Scenario 4 are primarily situated on the 

southern facades of the five foreground buildings, with the highest suitability alternatives 

constrained to the upper floors (Fig. 2.6B). Conversely, the majority of units in the five 

background buildings or on the northern façade of the foreground buildings have 

moderate to very low suitability scores, though some high suitability alternatives are 

present on one of the background buildings located farther away from Highway 99 and 

other major thoroughfares. These patterns of suitability reflect the demographic’s 

assumed strong preferences for clean air and quiet, followed by sunlight and view; 

southern, south-facing units are less affected by the noise and pollution of busy inner 

roads and receive more sunlight and ocean views than central and north-facing ones, 

especially on higher floors. The series of voxels of less suitable units near the base of 

each building denote the area in the vertical profile where NO2 concentrations are 

highest.  

The distribution of suitable residential units under Scenario 5 is strongly 

influenced by the view suitability and the number of hours of direct sunlight each unit is 

exposed to (Figs. 2.6C, 2.3G-H), as these criteria rank high in importance for this group. 

Thus, suitability is generally lower in voxels on the northern façades where there is 

considerably less sun exposure and limited (if any) view of the ocean. Similarly, the five 

background buildings exhibit lower levels of suitability than the foreground group as their 

view score is negatively impacted by their complete lack of a sea view within the cut-off 

radius. Furthermore, units situated on lower floors or towards the downtown core tend to 

have lower levels of suitability, where neighboring high-rises may block sunlight and 

obscure views.  
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Figure 2.6. Obtained 3D suitability values for the three alternative scenarios: (a) 
family-oriented Scenario 3; (b) elderly-oriented Scenario 4; and (c) 
working professionals-oriented Scenario 5.  
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The number and percentage of units falling under each suitability class for the 

five scenarios are summarized in Table 2.3. Under Scenarios 1 through 4, very few 

alternatives have very low (unsuitable) or very high suitability. Scenarios 1, 2 and 4 

appear to follow an approximately normal distribution, whereas the Scenario 3 results 

exhibit two peaks with the majority of units displaying either moderately low or 

moderately high suitability, reflecting primarily the influence of the heavily weighted air 

pollution criterion (Figs. 2.7, 2.3F). Scenario 5 has a relatively even spread with the 

greatest number of both very high and very low suitability units of the five scenarios, due 

to the significance of the view criterion which exhibits predominantly extreme suitability 

values (Figs. 2.7, 2.3H). When considering units beyond the highest suitability class, the 

weighting scheme for Scenario 3 (families) offers the best alternatives for residence 

selection with 46.7% and 63.2% of units displaying at least moderately high and 

somewhat high levels of suitability, respectively (Table 2.3).  
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Table 2.3. Suitability levels of units under the five alternative weighting scenarios, expressed as percentage of units. 

Scenarios 

Level of Suitability 

[% of units] 

Very Low 

 

[0.0, 0.2] 

Low 

 

(0.2, 0.3] 

Moderately 
Low 

(0.3, 0.4] 

Somewhat 
Low 

(0.4, 0.5] 

Somewhat 
High 

(0.5, 0.6] 

Moderately 
High 

(0.6, 0.7] 

 

High 

 

(0.7, 0.8] 

Very High 

 

(0.8, 1.0] 

1. Basic 0.0 1.3 17.6 20.0 17.5 20.6 19.8 3.1 

2. 3D-Oriented 0.8 5.8 20.6 21.9 20.6 15.4 12.3 3.3 

3. Families 0.3 

 

3.9 23.0 9.7 16.4 31.9 14.9 0.0 

4. Elderly 0.3 

 

7.6 19.2 17.8 22.3 19.1 11.5 2.2 

5. Working       

    Professionals 

7.4 13.9 16.1 18.3 10.7 10.6 9.6 13.3 
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Figure 2.7. The distribution of units under each of the eight suitability classes 
for the five alternative weighting scenarios.  
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2.5. Conclusions 

As of 2016, 29% of the population of the City of Vancouver is living in high-rise 

buildings with five or more stories (Statistics Canada, 2017b). As an increasing number 

of citizens find themselves residing in high-rises, there is a need for 3D analytical 

methods that can evaluate the overall suitability of a living space based on a set of 

specified criteria important to potential residents. The proposed 3D GIS-based MCE 

methodology is capable of analyzing several hundred units and identifying the most 

suitable living spaces using varied sets of criteria weights unique to different resident 

types. The observed results from multiple scenarios support the validity of the proposed 

3D WLC-MCE approach and highlight its ability to successfully analyze the suitability of 

hundreds of spatial units in 3D based on several relevant decision criteria. The ability to 

extend beyond traditional 2D GIS-based MCE analyses is important as many real-world 

spatial problems cannot be adequately represented in two spatial dimensions. 

Furthermore, the display of a 3D urban model allows for improved comprehension and 

visualization of the spatial alternatives. 

This research study is a pilot test for the basic integrity of the proposed 3D GIS-

based MCE method and thus only a very small subset of high-rise buildings has been 

used. Due to lack of available data, the design and extraction of highly sophisticated 

building models such as to CityGML standard was not possible. The study could be 

further improved by introducing additional relevant criteria into the analysis such as 

neighborhood walk score and level of visual privacy. The study would also benefit from 

the automatization of noise simulation through more sophisticated techniques, using 

advanced methods for criteria weights such as neural networks (Golmohammadi, 2011) 

or fuzzy approaches (Yanar, Kocaman, & Gokceoglu, 2020) or by using exact blueprints 

to estimate interior geometries based on representative building types (Boeters, Arroyo 

Ohori, Biljecki, & Zlatanova, 2015). Obtaining precise building information such as exact 

ceiling heights and floor plans can enhance the analysis and increase the accuracy of 

the results. Likewise, supplementary data on traffic vehicle mix, concentration of 

pollutants other than NO2, and other relevant features would help improve the accuracy 

of noise and air pollution level calculations. 

The 3D suitability analysis was performed on residential high-rises in Vancouver, 

but the method could easily be adjusted to accommodate other municipalities or 
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geographic regions. For instance, the evaluation criteria and suitability functions used in 

this study could be replaced or reformatted to reflect local preferences, such as a desire 

for a view of e.g. a national landmark, park, mountains, or an inclination towards reduced 

sun exposure in hot climes. It could also be modified and applied to other interested 

parties such as a business seeking an ideal office space or a retail chain investigating 

locations for a new store. Additionally, the method could be used to analyze a larger 

number of buildings with detailed floorplans, thus the proposed 3D GIS-based MCE 

approach can be used for urban planning, decision-making and property tax 

assessment. Moreover, the proposed method can be successfully applied to a wider 

range of scenarios and applications that would benefit from 3D representation. It could 

be particularly useful in fields such as biology or resource and environmental 

management, where important ecosystem components and processes commonly 

operate in three spatial dimensions.  

2.6. Data Availability Statement  

As some sources prohibit data redistribution and publication, some of the 

geospatial data files used to conduct the research are not available. However other data 

supporting the findings of this study including the created CGA rule files are available in 

the Federated Research Data Repository at [https://doi.org/10.20383/101.0297]. 
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Chapter 3.  
 
Three-Dimensional Suitability Analysis of High-Rise 
Residences Using Soft Computing Logic Scoring of 
Preference Method * 

3.1. Abstract 

As many urban areas undergo increasing densification, there is a growing need for 

spatial analysis methods that can operate in 3D to analyze the urban environment and 

aid in decision-making processes. Weighted linear combination (WLC) multicriteria 

evaluation (MCE) is frequently implemented in geographic information systems (GIS) to 

aid in spatial decision-making analysis. However, its decision logic limits the number of 

criteria that can be handled and aspects of human reasoning that can be represented. 

Logic Scoring of Preference (LSP) is an advanced MCE method that better models 

human reasoning through flexible soft computing decision logic operators and can 

support large numbers of criteria inherent to decision-making. This research (1) 

develops and implements the 3D LSP-MCE method to examine the suitability of high-

rise residential units, and (2) demonstrates the robustness of results through sensitivity 

and cost-suitability analyses. The 3D suitability analysis was performed with datasets for 

the City of Vancouver, Canada using LSP aggregation structures that reflect the unique 

requirements and preferences of three demographic profiles (young families, working 

professionals, active seniors). The results vary considerably between preference 

scenarios, demonstrating the method’s flexibility in representing the unique priorities and 

requirements of different demographics. Cost-suitability analysis indicated that cost has 

a significant effect on the overall value of residential units. The proposed 3D LSP-MCE 

method could be adapted to benefit other user groups such as tax assessors, urban 

planners and developers to assess and select from various urban densification 

development scenarios.  

Keywords: three spatial dimensions (3D); Logic Scoring of Preference (LSP); 3D 

multicriteria evaluation (MCE); 3D suitability analysis, geographic 

information systems (GIS); soft computing logic 

* A version of this chapter coauthored with S. Dragićević and R. Feick will be submitted to the Landscape 
and Urban Planning journal. 
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3.2. Introduction 

In an effort to mitigate the negative environmental and social impacts of 

increasing urbanization, many cities are seeking strategies to accommodate growing 

populations while also reducing environmental degradation (L. Shen, Zhou, Skitmore, & 

Xia, 2015; Yigitcanlar & Kamruzzaman, 2015). One widely implemented practice has 

been urban densification which focuses new development within existing urban 

boundaries rather than converting natural or agricultural lands on urban peripheries. By 

limiting outward sprawl, populations and economic activities are concentrated on land 

that is already developed, and urban form shifts to a more compact and higher density 

model that better supports public transportation and physical activity (Amer, Mustafa, 

Teller, Attia, & Reiter, 2017; Boyko & Cooper, 2011; Kaur, Hewage, & Sadiq, 2020) 

(Amer et al., 2017; Boyko & Cooper, 2011). To achieve higher levels of densification 

many municipalities are encouraging high-rise building development to maximize use of 

the limited developable land space (Koziatek & Dragićević, 2019).  

As residential high-rise units become a more common alternative to low-density 

detached housing, the housing choice problem becomes more complex. Many housing 

features and environmental qualities, such as noise levels and viewscapes, vary not only 

with respect to the neighbourhood a unit is situated within but also the unit’s vertical 

location within a given building. These three-dimensional (3D) attributes can ultimately 

influence the overall desirability or suitability of each unit for prospective residents (Ying 

et al., 2021). Multicriteria evaluation (MCE) methods have been used extensively with 

geographic information systems (GIS) to aid in two-dimensional (2D) spatial decision-

making problems such as facility site selection (Baseer, Rehman, Meyer, & Alam, 2017) 

and land use suitability (Malczewski & Rinner, 2015). However, there is a lack of such 

methods for accommodating decision problems where alternatives, criteria, or processes 

are commonly situated in 3D space. With the increasing availability of 3D data and 

evidence that 3D representations of study areas aid comprehension of outputs, there is 

a need for methods that operate in 3D space (Saran et al., 2018; Trubka, Glackin, Lade, 

& Pettit, 2016). 

Munn and Dragićević (2021) recently proposed and applied a 3D MCE approach 

to residence selection scenarios with decision alternatives spanning three dimensions. 

However the GIS-MCE approach is based on weighted linear combination (WLC), a 
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commonly used method that trades off simplicity for shortcomings in decision logic and a 

linear additive nature which limits the number of input evaluation criteria (Dragićević, 

Dujmović, & Minardi, 2018). Logic Scoring of Preference (LSP) is a more flexible MCE 

method that better represents the decision-making process due to its wide range of logic 

operators and its ability to incorporate larger numbers of criteria. However, the method 

has only been applied to 2D datasets. Therefore the objectives of this research study are 

to: (1) develop and implement a 3D LSP-MCE approach for suitability analysis of high-

rise residences, and (2) perform sensitivity and cost-suitability analysis on decision 

alternatives in 3D. The method is illustrated using data for all known open market high-

rise residential buildings in the downtown of the City of Vancouver, Canada, that do not 

include social or senior housing.  

3.3. Logic Scoring of Preference Method 

Logic scoring of preference (LSP) is a soft-computing based MCE method 

characterized by stepwise aggregation and a wide range of flexible decision logic 

conditions (Dujmović, De Tré, & Van de Weghe, 2010; Dujmović & Nagashima, 2006). 

The stepwise nature of criteria aggregation allows more evaluation criteria to be 

considered as the significance of each criterion is not diminished by all the others 

through a linear combination function. Furthermore, LSP utilizes a wide spectrum of 

decision logic aggregators including aggregators that represent simultaneity and 

replaceability, which are intrinsic to most real-world decision-making problems. As a 

result, LSP-MCE analysis and output suitability maps can better reflect real-world 

decision logic than traditional MCE methods (Dujmović & Scheer, 2010). 

LSP-MCE analysis consists of five steps (Dujmović, 2018) and begins with 

definition of the decision problem related to the interested stakeholders, experts or 

groups. Next, a hierarchical attribute tree is created that contains the attributes that 

affect the overall suitability of a decision alternative. The structure forms a hierarchy of 

groups and subgroups of related components that are iteratively decomposed until the 

simplest components, termed input or elementary attributes, remain. 

The third step involves defining elementary criteria or suitability functions which 

transform raw elementary attribute values into standardized unitless elementary 

preference values. This permits comparison of performance between attributes with 
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differing units of measurement (Dujmović, 1980). Specifically, each function describes 

the relationship between possible attribute values and the associated degree of 

satisfaction (i.e. elementary preference) established for that attribute (Dujmović & Fang, 

2004).  

In step four, the hierarchical LSP aggregation structure is defined to determine 

how elementary preferences are aggregated to compute the overall preference or 

suitability of each unit. The attribute tree serves as the framework for the aggregation 

structure, with each subgroup in the attribute tree system comprising at least one 

preference aggregation block, depending on whether components in the subgroup are 

consistently mandatory or desired (non-mandatory), or a combination thereof. Mandatory 

attributes are factors that must be satisfied for the decision alternative to be considered 

at all, whereas desired attributes are preferred but not necessary. Weights of relative 

importance are assigned to each component such that all weights in an aggregation 

block sum up to 1 or 100%. In its entirety the overarching LSP system can be referred to 

as the LSP criterion function. 

A logic aggregator is also applied to each preference aggregation block in the 

LSP aggregation structure. Aggregators are graded preference logic functions that 

dictate how components are combined to compute the satisfaction degree of each 

aggregation block (Dujmović et al., 2009). They are derived from the fundamental 

Generalized Conjunction/Disjunction (GCD) function, used to model human reasoning 

across the spectrum of decision logic ranging from full conjunction or ANDness (α = 1; ꞷ 

= 0) to full disjunction or ORness (α = 0; ꞷ = 1) (Dujmović & Scheer, 2010).  

Conjunctive and disjunctive aggregators model logic requirements for 

simultaneity and replaceability, respectively. The spectrum of partial 

conjunction/disjunction aggregators can be divided into hard (HPC/HPD) and soft 

(SPC/SPD) partial conjunction/disjunction aggregators as presented in Figure 3.1 as per 

Dujmović & Nagashima (2006). HPC aggregators model mandatory requirements, where 

an elementary preference of zero results in an overall suitability score of zero regardless 

of how completely other attributes are satisfied. Conversely, HPD aggregators represent 

sufficient requirements, where an elementary preference of 1 automatically results in an 

overall satisfaction degree of 1 regardless of whether other attributes are satisfied. SPC 

and SPD model softer versions of simultaneity and replaceability. The SPC aggregators 
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(Figure 3.1) apply a penalty to preference values when desired attributes are not 

satisfied, rather than assigning an automatic suitability score of zero. Similarly, SPD 

aggregators simply apply a reward to preference values when one of the desired 

attributes are fully satisfied, instead of an overall preference of 1. A neutrality aggregator 

A also exists as the arithmetic mean, for cases where a high elementary preference for 

any attribute can partially offset a low preference of any other (Dujmović et al., 2010). 

The last step is the implementation of the LSP-MCE analysis to calculate the overall 

suitability scores of each decision alternative and the creation of a suitability map. 

 

Figure 3.1. LSP logic aggregators with associated symbols and r exponent 
values. 

A hypothetical example of LSP-based site selection for a new college location is 

shown in Figure 3.2 to demonstrate the use of aggregators in combining mandatory and 

desired criteria. Mandatory criteria which must be satisfied such as a sufficient site area 

and terrain slope are combined using an HPC aggregator. Referencing Figure 3.1, this 

can be any aggregator from C−+ to C++, depending on the level of ANDness or 

simultaneity desired. An SPC aggregator is likewise applied to desired criteria where 

both are wanted but a location alternative is not automatically rejected if either is 

unsatisfied; in this case, the distance from other colleges/universities and the availability 

of nearby public parking. As a final example, an SPD aggregator is assigned to desired 

criteria where replaceability is being modeled. The disjunctive aspect allows for train and 

bus access to partially substitute for the other, while the soft aspect enables rewarding of 

locations that offer both. 
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Figure 3.2. Sample LSP aggregation structure for selecting a location for a new 
college. 

Recent studies have integrated LSP-MCE with GIS and applied it to address a 

number of spatial decision-making problems, including landfill site selection (Pirmanto, 

Suseno, & Adi, 2018), groundwater contamination vulnerability assessment (Rebolledo, 

Gil, Flotats, & Sánchez, 2016), conservation planning (Dujmović & Allen, 2021), and 

agricultural land use (Montgomery, Dragićević, Dujmović, & Schmidt, 2016). LSP-MCE 

analysis has also been used for urban land use suitability (Luan, Liu, & Peng, 2021), 

residential development (Dragićević et al., 2018) and urban densification (Shen et al., 

2021). Several studies have also used GIS-based LSP-MCE to determine the most 

suitable residences or general residential areas for various demographic types based on 

several housing and neighbourhood level features (Dujmović, 2018; Dujmović & De Tré, 

2011; Dujmović & Scheer, 2010). However, these studies have not been applied to high-

rise residential units and 3D attributes that vary in magnitude along the vertical gradient. 

Furthermore, the LSP-MCE output suitability maps are restricted to a 2D display of 

decision location alternatives, represented by regular raster grid cells. In this research, 

the 3D LSP-MCE analysis approach is proposed that is capable of analyzing the 

suitability of alternatives spanning 3D space and visualizing suitability in 3D to aid 

comprehension of outputs for decision-making. 
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3.4. Methods 

3.4.1. Study Area and Datasets 

The City of Vancouver, Canada has experienced ongoing growth, with a 

recorded population of 631,486 in 2016, a 23% increase from just two decades prior 

(University of Toronto, 2017). As a result, the urban environment has become 

increasingly densified over time to accommodate a growing population while 

simultaneously striving to meet municipal and regional sustainability goals (Metro 

Vancouver, 2015). This trend is most pronounced in downtown Vancouver, where a 

significant proportion of residential and office buildings are high-rises as defined by 

Statistics Canada (2021) with five or more stories. Unlike many North American cities, 

downtown Vancouver is known as an attractive, livable space and not simply a central 

work hub (Macdonald, 2020).  

Building footprints from the City of Vancouver (City of Vancouver, 2021) were 

used to generate residential unit data layers for all open market residential high-rise 

buildings in the downtown Vancouver study area, amounting to 613 buildings comprising 

49,130 residential units. Building height, storey number, and number of units were 

available for many buildings (BC Assessment, 2021a). However, as floor plans were not 

publicly accessible due to privacy and availability issues, the created 3D units were 

hypothetical. Additional geospatial datasets used to derive criteria attribute values were 

obtained from the City of Vancouver (2017; 2021), DMTI Spatial Inc. (2014; 2019), 

University of Toronto (2017), Vancouver Police Department (2021), Government of 

Canada (2020), Metro Vancouver (2020b) and Government of British Columbia (2021). 

Attribute analyses were conducted in the ArcGIS Desktop suite v.10.7.1 (ESRI, 2019a). 

The residential units are represented in the 3D suitability map as cube-like voxel 

data structures, here defined as 3D spatial units possessing attribute values for each 

criterion, located at a position (x, y, z) in a 3D GIS environment. The 3D LSP-MCE 

analysis was implemented and coded in CityEngine (ESRI, 2019b) as a CGA 

programming language script that runs the analysis, voxelizes the units (i.e. extrudes the 

2D data layers to create 3D voxels) and applies a colour symbology to display the 

relative level of suitability for each voxel unit. 



63 

3.4.2. Decision Problem, LSP Attribute Tree & Elementary Criteria 

In this research the decision problem consists of identifying the most suitable 

high-rise residential units for prospective residents. LSP attributes and preference 

scenarios were developed for three generalized socio-demographic groups based on 

existing scientific literature: families with children (Scenario 1), elderly (Scenario 2), and 

working professionals (Scenario 3). Many 3D attributes, defined here as attributes 

whose values are affected by the vertical location of the unit were included, as factors 

that need to be considered in high-rise home selection in addition to the typical 2D 

factors and amenities. Ultimately, ten 2D elementary attributes and eleven 3D 

elementary attributes influencing residence selection were identified and included in 

Scenario 1, three of which were omitted from either Scenario 2 or 3. The attribute trees 

presented for each scenario in Figure 3.3 are composed of three overarching attribute 

groups: neighbourhood features (11); housing features (12); and environmental quality 

(13). The figure also distinguishes between attributes that are mandatory and non-

mandatory and those that are 2D or 3D for each scenario.  

The neighbourhood features group (11) is composed entirely of 2D attributes. 

Family areas is specific to Scenario 1 that links the suitability of a neighbourhood for 

raising a family to the number of children available for play and interact with (Mee, 

2010). Similarly distance to the nearest elementary school is important to families as 

shorter distances reduce children’s travel time and safety risks (Martin & Carlson, 2005). 

Prospective residents may also base their decision on neighbourhood crime level, which 

is negatively correlated with neighbourhood satisfaction and mental health (Leslie & 

Cerin, 2008; Mccrea, Stimson, & Western, 2005), or population density, which often has 

positive correlations with neighbourhood satisfaction and smaller, but stronger social 

networks (Mouratidis, 2018; Raman, 2010). Living in close proximity to urban parks is 

also beneficial for mental health, promotes physical activity, and provides recreational 

opportunities (Wood, Hooper, Foster, & Bull, 2017). The Bike Score, Transit Score, and 

Walk Score for each residential building were included as assessments of multi-modal 

accessibility to desirable neighbourhood features based on walking, cycling or transit 

travel (Walk Score, 2021). 
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Figure 3.3. Attribute tree with elementary attributes for the three scenarios with 
3D attributes highlighted in bold text. 

The housing features group (12) includes the compass aspect of the unit and the 

year the building was built, as certain orientations are typically preferred over others 

(Huang, Chen, Xu, & Zhou, 2017) and newer homes are generally considered more 

desirable (Bina, Warburg, & Kockelman, 2006; Zortuk, 2014). The remaining attributes 

are 3D in nature. Units with a larger viewshed are more pleasing and valued higher 
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(Samarasinghe & Sharp, 2008), as are views that encompass desirable features such as 

parks or bodies of water (Yasumoto, Jones, Nakaya, & Yano, 2011). Safety as referred 

to in this study relates to the floor a unit is on; particularly, residents on higher floors will 

require more travel time and may encounter more hazards in the event of an emergency 

evacuation (Craighead, 2009). Privacy is also an important factor impacting home 

satisfaction (Abdul Ghani, 2004; Hashim, Ali, & Abu Samah, 2009). Here inter-unit 

visibility was calculated as a proxy for privacy. 

The environmental quality group (13) is entirely comprised of 3D attributes that 

vary in magnitude with increasing height. High levels of traffic-related air pollution or tree 

pollen can exacerbate respiratory conditions and asthmatic attacks (Kasprzyk, Ćwik, 

Kluska, Wójcik, & Cariñanos, 2019; Xie et al., 2017). Strong winds can cause thermal 

discomfort or in extreme cases may pose a level of danger (Reiter, 2010). Excessive 

noise from various sources (e.g. Skytrain, railways, cars) can negatively affect physical 

and mental well-being, with noted symptoms ranging from stress and sleep disruption to 

cardiovascular disease from heightened blood pressure (Kim et al., 2017). In contrast, 

increased exposure to sunlight improves both mental and physical well-being (Swanson, 

Sharpe, Porteous, Hunter, & Shearer, 2016).   

The majority of elementary attribute data were not readily available and had to be 

computed or estimated through additional GIS-based analyses using methods found in 

the literature, as summarized in Table 3.1. Elementary criteria functions were defined for 

each attribute using breakpoints based on values found in the literature as described in 

the rationale column of Table 3.1. 
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Table 3.1. Elementary attribute criteria in vertex notation format with associated criterion function breakpoints and 
rationale. Attributes that are 3D in nature are highlighted in bold text. 

   Elementary       
Criterion 

 Breakpoints with Units  Rationale 

 N
ei

gh
bo

ur
ho

od
 F

ea
tu

re
s 

 Family Areas {(20,0), (80,1)} 

[percentile of all census tract 
areas % occupied dwellings 
with children] 
 

Preferences of 0 and 1 assigned to 20th and 80th percentile values, respectively, as more 
children means more peers to interact with. 

Analysis: Percentage of occupied dwellings with families. 

Neighbourhood 
Crime 

  

{(0-0.005, 1), (0.005-0.0015, 
0.8), (0.0015-0.005, 0.6), 
(0.005-0.01, 0.4), (0.01-
0.02, 0.2), (0.02, 0)} 

[crime density] 
 

Crime is negatively correlated with neighbourhood satisfaction and mental health (Mccrea et al., 
2005), so lower crime level is preferred. 

Analysis: Kernel density of geolocated crime incidents. 

Population 
Density 

  

  

{(29,0), (211,1)} 

[people per ha in each 
census tract] 
 

Based on Mouratidis' (2018) density-satisfaction study that averaged 29 people/ha for low-
density neighbourhoods and 211 people/ha for high-density neighbourhoods. 

Analysis: Population density. 

Distance to Parks 

  

  

{(400,1), (800,0)}  

[m] 

City of Vancouver aimed to have every resident within 5 minutes’ walk (400m) of a green space 
(City of Vancouver, 2012); 99% are within 10 minutes’ walk (800m) (Vancouver Board of Parks 
and Recreation, 2018). 

Analysis: Network distance. 
  

Distance to 
School 

  

  

{(400,1), (2000,0)}  

[m] 

Preference of 1 assigned to 5 minutes’ walk, 0 to 25 minutes’ walk (2000m) putting the 50% 
mark close to the average distance of 1274m (Vancouver Board of Education, 2015). 

Analysis: Network distance. 
 

Bike Score, 

Transit Score, 

Walk Score 

{(0-24, 0), (25-49, 0.25), 
(50-69, 0.5), (70-89, 0.75), 
(90-100, 1)  

[Score] 
 

Based on Walk Score's (2021) score class ranges and score values. 
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 H
ou

si
ng

 F
ea

tu
re

s 

  

 H
ou

si
ng

 F
ea

tu
re

s 

Aspect 

  

  

{(N, 0), (NE/NW, 0.25), 
(E/W, 0.5), (SE/SW, 0.75), 
(S, 1)}  

[Aspect] 
 

Lu (2018) presents how property values proportionally increase with different aspects. 

Analysis: Determine unit aspect(s) using building and unit footprints and Linear Directional 
Mean tool. 

Privacy 

  

  

{(Low, 0), (Relatively Low, 
0.33), (Medium, 0.67), 
(High, 1)} 

[Privacy Level] 
 

Shach-Pinsly (2010) defines four levels of visual exposure: low ( > 50m from nearest view 
point); relatively low (25 – 50m); medium (10 – 25m); and high ( < 10m). 

 Analysis: Intervisibility. 

Safety 

  

{(1,0.5), (2,0.75), (3,1), 
(7,1), (18,0)} 

[Floor Number] 

First few floors (Robinson & Robinson, 1997; Gordon, Winkler, Barrett, & Zumpano, 2013) are 
more likely to be burglarized, while typical aerial ladder reach limits fire rescue to about the 7th 
floor (Craighead, 2009). Average time to descend one floor is 16.4s (Proulx & Mcqueen, 1994); 
18th floor is equivalent to five minutes’ evacuation time. 
 
 

Year Built 

  

 

{(1960,0), (1983,0.42), 
(1984, 0.1), (1998, 0.35), 
(1999,0.71), (2015,1)} 

[Year Built] 

Newer homes are generally more desirable, but 1984 -1998 buildings are from Vancouver’s 
‘Leaky Condo Era’ and may be prone to leaks (The Condo Group, 2011). Buildings 2015 
onwards built under the most recent National Building Code. Only 8% of Metro Vancouver high-
rises built before 1961 (Metro Vancouver, 2019). 
 

Total View 
Amount 

  

{(10,0), (90,1)}  

[percentile of view amount 
(m2) results] 

Larger views are more pleasing and positively correlated with property prices (Bourassa, 
Hoesli, & Sun, 2004; Samarasinghe & Sharp, 2008). 

Analysis: Visibility (Yasumoto et al., 2011). 
 

View Type 

  

{(0,0), (100,1)}  

[% desirable view] 

Larger views of desirable view features e.g. water are priced higher than properties with smaller 
views (Samarasinghe & Sharp, 2008). 

Analysis: Overlay of visibility output and raster of desirable/undesirable view features. 
 

 

Air Pollution 

  

 

{(7,1), (17,0)} 

[ppb NO2] 

  

Metro Vancouver’s air quality objective for NO2 is an annual average of 17 ppb. Areas of clearer 
air average around 7ppb (Metro Vancouver, 2020a). 

Analysis: Estimated using Wang et al.’s (2013) land use regression model. 
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E
nv

iro
nm

en
ta

l Q
ua

lit
y 

Hours of 
Sunlight 
 

{(0,0), (12,1)} 

[h] 

  

More hours of direct sunlight is considered desirable due to its beneficial effects (Swanson et 
al., 2016). 

Analysis: Points Solar Radiation (Yasumoto, Jones, Yano, & Nakaya, 2012) for the equinox. 
 

Pollen Level 

  

 

{(2,0), (12,1)} 

[m above ground level] 

  

Although pollen level decreases with height, the most significant decrease generally occurs 
within 10m, with concentrations at ground level ~1.5 times higher than those 10m higher (Rojo 
et al., 2019). 
 

Wind 

  

 

{(low, 1), (moderate, 0.75), 
(very low, 0.5), (high, 0.25), 
(very high, 0)} 

[ventilation potential] 

  

High wind speeds can bring thermal discomfort or even a level of danger (Reiter, 2010). In the 
mild Vancouver climate a low to moderate amount of ventilation would be more        
appreciated. 

Analysis: Computed relative wind level for three 50m height increments (Wong, Nichol, To, & 
Wang, 2010) using most predominant winds in Vancouver. 
 

Railway Noise, 

Skytrain Noise, 

Traffic Noise 

  

 

{(45,1), (95,0)}  

[dBA] 

  

 

Sleep disruption can occur at a sustained noise level of ≥ 30 dBA. More severe consequences 
e.g. hearing damage can occur at levels of  ≥ 80 dBA (Wakefield Acoustics Ltd., 2004). 
However it is assumed that transmission loss at windows is ~15 dBA (Health Canada, 2017). 

Railway Analysis: Estimated using similar site noise map digitization and extrapolation (BKL 
Consultants Ltd., 2015). 

Skytrain Analysis: Estimated using digitization and extrapolation of Skytrain noise maps (SLR 
Consulting Ltd., 2018). 

Traffic Analysis: Analysis: Estimated using Wakefield Acoustics Ltd.'s (2004) traffic noise 
equation as per Munn and Dragićević (2021). 
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3.4.3. LSP Aggregation Structures 

The LSP aggregation structures created for the three scenarios are depicted in 

Figure 3.4. An SPD aggregator is applied to the Accessibility aggregation block (node 

1143 in Figure 3.3) to indicate that Walk Score, Bike Score, and Transit Score criteria 

are replaceable to an extent but such that a higher satisfaction degree is still awarded to 

locations that satisfy all three. Similarly, an SPD aggregator is used for View aggregation 

block (node 125) to suggest that while having both a large and desirable view is 

preferred, either criterion can partially replace the other. The remaining standard 

aggregators are either SPC or HPC, selected based on whether mandatory or desired 

components were being aggregated and the level of ANDness desired. For instance, an 

HPC aggregator is applied to aggregate the Mandatory Environment block (134-135) in 

Scenario 2 as they are mandatory requirements (Figure 3.4B), and C−+ in particular is 

chosen to indicate only a low to moderate level of simultaneity is needed. Furthermore, 

both of the Non-mandatory Neighbourhood (112-113) and Non-mandatory Housing 

(121-123) aggregation blocks in Scenario 3 are comprised of desired components and 

thus require SPC aggregators (Figure 3.4C), but a larger ANDness (C−) is used for Non-

mandatory Housing, denoting the demographic’s desire for a slightly higher level of 

simultaneity in having all of Safety, Privacy, and a desired Aspect.  

 Weights of importance were assigned based on the expected priorities for each 

demographic. Some attribute weights were identical across the three scenarios. For 

example, the View Type is weighted as 60% of the View block (node 125) value for all 

prospective resident types, while the Total View amount is set at 40% (Figure 3.4). 

However, most weights and more generally the aggregation blocks vary between 

scenarios. For instance, Aspect is a non-mandatory attribute in all scenarios and varies 

in weight from 0.2 (Scenario 2), through 0.3 (Scenario 1) to a high of 0.45 for Scenario 3.   

Where asymmetric logic occurs in the aggregation structures (i.e. combination of 

a mandatory and a desired input), a conjunctive partial absorption (CPA) aggregator 

must be used, in this case an A/CA aggregator combination (Dujmović, 2018). The CPA 

is a special compound aggregator that requires the selection of reward (R) and penalty 

(P) values in order to determine the relationship between the inputs and the weights 

assigned to them in each aggregation step (Dujmović et al., 2010). R and P are percent 

values used respectively to either increase the elementary preference if the desired input  
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Figure 3.4. LSP aggregation structures for (a) Scenario 1 (family-oriented), (b) Scenario 2 (elderly-oriented), and (c) 
Scenario 3 (working professionals-oriented).  
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is fully satisfied or decrease the preference if the desired input is not satisfied (Dujmović, 

De Tré, Singh, Tomasevich, & Yokoohji, 2014). Accordingly, the magnitude of P and R 

reflect the desirability of the non-mandatory input. For instance, Scenario 2 both 

penalizes and rewards units much higher on the combined non-mandatory housing 

features than it does on population density attributes, an indication of the preferences for 

elderly residents (Figure 3.4B). Selection of P and R parameters is relatively flexible, 

with the prerequisite that the P must be greater than R (Dujmović, 2018). 

As the final step the LSP analysis was performed to compute the 3D suitability 

values and create 3D suitability maps. Elementary attribute values were converted to 

elementary preferences that were aggregated in a step-wise manner from the leaves of 

the tree structure towards the root to calculate the overall suitability score of each voxel 

unit in the study area buildings. Individual logic aggregators for each aggregation block 

were implemented using the weighted power mean which can be described as follows 

(Dujmović, 2018):  

GCD(X1, … , Xn)  =  [W1X1r + … + WnXnr]1/r   (1) 

where GCD(X1, … , Xn) is the suitability score for an alternative with the input 

elementary preferences X1, … , Xn  for a set of n attributes; W1, …, Wn  are the weights of 

relative importance for the preference inputs; and r indicates the degree of simultaneity 

and replaceability as determined by the aggregator (Figure 3.1). More broadly, the 

overall 3D suitability score S(𝑣𝑖,) for a voxel unit 𝑖 located at position (𝑋𝑖 , 𝑌𝑖 , 𝑍𝑖) can be 

expressed as the output of the overarching LSP criterion function, as presented in the 

following extended formula: 

𝑆(𝑣𝑖)  =  𝑔(𝑎1(𝑣𝑖), 𝑎2(𝑣𝑖),   .  .  .  , 𝑎𝑛(𝑣𝑖))    (2) 

where g is the LSP criterion function; and (𝑎1(𝑣𝑖), 𝑎2(𝑣𝑖),   .  .  .  , 𝑎𝑛(𝑣𝑖)) is the 

array of n elementary attributes associated with the 3D voxel unit 𝑖 at position (𝑋𝑖 , 𝑌𝑖 , 𝑍𝑖). 

A cost-suitability analysis was also conducted to compute the overall value of 

each unit alternative, which can be viewed as a function of the suitability and cost of a 

unit (Dujmović, 2018; Dujmović et al., 2009). Cost is incorporated separately from 

suitability in this manner as it better aligned with human reasoning (Dujmović & De Tré, 

2011). The cost-suitability analysis is extended in 3D and implemented to calculate the 
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overall value 𝑉(𝑣𝑖) for a voxel unit 𝑖 located at a position (𝑋𝑖 , 𝑌𝑖 , 𝑍𝑖) using the following 

extended value indicator formula:  

𝑉(𝑣𝑖)  = [𝑊𝑢(𝑈(𝑣𝑖))𝑟 +  𝑊𝑝(𝑃(𝑣𝑖))𝑟]1/𝑟    (3) 

0 ≤ 𝑊𝑢 ≤ 1,      0 ≤ 𝑊𝑝 ≤ 1,      𝑊𝑢 + 𝑊𝑝 = 1,      − ∞ ≤ 𝑟 ≤ + ∞   

where U(𝑣𝑖) is the usefulness indicator defining the range of acceptable suitability 

scores; P(𝑣𝑖)  is the inexpensiveness indicator defining the range of acceptable cost; Wu 

and Wp   are the weights of relative importance assigned to the usefulness and 

inexpensiveness indicators, respectively; and r indicates the degree of simultaneity and 

replaceability as determined by the aggregator. Unit conveyance prices were obtained 

from BC Assessment datasets (BC Assessment, 2021b), with missing values estimated 

using proximate unit prices. 

3.5. Results and Discussion 

3.5.1. 3D Suitability Analysis 

The LSP criterion functions and 3D LSP-MCE suitability analyses were coded 

and run in CityEngine 2019.1 software (ESRI, 2019b) using the Computer Generated 

Architecture (CGA) programming language. The suitability scores for the 3D voxel units 

are presented classified into seven equal interval classes of suitability using the following 

classes: unacceptable [0.00 – 0.14); very poor [0.14 – 0.28); poor [0.28 – 0.43); average 

[0.43 – 0.57); good [0.57 – 0.71); very good [0.71 – 0.86); and excellent [0.88 – 1.00]. 

Figure 3.5 presents the suitability analysis results for each of the three scenarios. 

The results of the 3D LSP-MCE suitability analysis vary considerably between 

the three scenarios. Scenario 1 is the most restrictive scenario with both the most low 

suitability units and the least high suitability units (Table 3.2). Some 44% of downtown 

high-rise residential units fall within the unacceptable category, while no units are 

classified as excellent suitability. Only 1% exhibit very good suitability with the majority 

being confined to lower to mid-level floors of waterfront buildings along the southern 

downtown boundary (Table 3.2, Figure 3.5A). This is due primarily to the scenario’s 

stricter requirements with a greater number of mandatory attributes. For instance, low 
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levels of noise, crime and air pollution are considered mandatory requirements for 

families, which eliminates units and buildings located in higher crime areas and near 

high volume streets. Safety is also mandatory, resulting in lower suitability for lower 

floors and lower suitability or non-suitability for higher floors.  
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Figure 3.5. Results of the 3D LSP-MCE suitability analysis for Scenarios (A) 1, 
(B) 2 and (C) 3. 
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Table 3.2. Number and percentage of units in each suitability class by 
scenario. 

Suitability 
Class 

Scenario 1 Scenario 2 Scenario 3 

# of units % of units # of units % of units # of units % of units 

Excellent 

[0.88 – 1.00] 0 0.00 % 999 2.03% 9,454 19.24% 

Very Good 

[0.71 – 0.86) 492 1.00 % 12,563 25.57% 6,822 13.88% 

Good 

[0.57 – 0.71) 5,187 10.55% 8,743 17.79% 12,180 24.79% 

Average 

[0.43 – 0.57) 12,718 25.88% 4,676 9.51% 10,526 21.42% 

Poor 

[0.28 – 0.43) 6,678 13.59% 1,177 2.39% 6,341 12.90% 

Very Poor 

[0.14 – 0.28) 2,449 4.98% 809 1.64% 3,788 7.71% 

Unacceptable 

[0.00 – 0.14) 21,606 43.97% 20,163 41.04% 19 0.03% 

 

Furthermore, although no voxel units are completely unsatisfied for the 

mandatory noise attribute, units near busy streets, the railyard, or the Skytrain receive 

lower Noise preference scores and thus lower suitability scores. Units with good or very 

good suitability are found primarily along the downtown periphery as they have greater 

access to higher weighted (≥ 0.4) desired attributes such as large desirable water views 

and sunlight, though there is also a cluster of higher suitability voxel units towards the 

downtown centre due to their proximity to an elementary school. The units exhibiting 

very good suitability along the southern downtown edge are also influenced by the high 

Family Area score of the neighbourhood. Moderately suitable units grouped in the 

northwest downtown region are located in areas with higher crime rates, lower 

percentages of families, and experience less quality views and sunlight due to their 

central position, shorter stature, and obstructions from neighbouring downtown buildings 

(Figure 3.5D). 
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There is considerable overlap in unacceptable units between Scenarios 1 and 2, 

particularly on higher floors, as both scenarios share mandatory safety, crime and noise 

attributes (Figures 3.5A, 3.5B). However the Scenario 2 results depict many additional 

unacceptable units along the downtown periphery, reflecting the mandatory emphasis on 

a low-wind environment for the elderly demographic. Overall Scenario 2 has the greatest 

number of high suitability units, with 2% and 26% of voxel units displaying excellent and 

very good suitability, respectively (Table 3.2). This may be partly attributable to the lower 

number of mandatory attributes, and partly to the fact that certain desired features such 

as the consistently high scoring attributes Distance to Parks, Transit Score and Walk 

Score are weighted relatively high. Similar to Scenario 1, many of the highest suitability 

units are found along the downtown perimeter where views are generally abundant and 

air pollution is less, but a few streets in where the wind is not as strong. 

The pattern of suitability is drastically different in Scenario 3 (Figure 3.5C). In 

Scenario 3 safety, crime and noise are not mandatory attributes and instead the age of 

the building and the amount of view and sunlight are prioritized. As a result, buildings 

located along high volume streets or in higher crime areas aren’t as heavily penalized, 

and units on higher floors are actually preferred as they are less likely to be obstructed 

and thus receive larger views and more sunlight. Conversely, most units on lower floors 

express lower levels of suitability due to restricted views and sunlight, except for 

buildings along the downtown periphery. Unsurprisingly many of the high suitability units 

occur in waterfront buildings which have the extra advantage of having a desirable view 

type. The influence of building age is also evident, with older buildings predominantly 

situated in the northwest region of downtown where the majority of low suitability voxel 

units are located. Scenario 3 has both the most excellent suitability units and the least 

unacceptable suitability units (Table 3.2). 

Certain trends are visible across all scenarios. Figure 3.6 presents a subsection 

of the study area permitting higher detail. For instance, corner units and units on higher 

floors tend to exhibit higher levels of suitability as they typically have access to larger 

views and longer hours of sunlight. Higher noise levels and concentrations of pollen and 

air pollutants near the ground further contribute to the disparity in suitability between 

units on higher and lower floors. The privacy attribute also has influence as units within 

viewing distance of other units or from street spectators on the lower floors are 

considered less suitable. Units in close proximity to parks or the water also tend to score 
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Figure 3.6. Suitability values obtained from the 3D LSP-MCE analysis for a subset of buildings under Scenarios (A) 1, (B) 
2, and (C) 3 facing South, and (D) Scenario 3 facing North. 
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higher as they have access to more desirable views compared to units with views of the 

surrounding city buildings. Furthermore, units oriented south (Figure 3.6C) typically 

display higher levels of suitability than those oriented north (Figure 3.6D) as a south 

aspect is generally preferred and receives more sunlight. 

3.5.2. Sensitivity and Cost-Suitability Analyses 

In addition to performing the 3D LSP-MCE suitability analysis, the sensitivity of 

parameters was tested by modifying parameters for Scenario 1 using four separate test 

scenarios and by comparing the obtained results. The first sensitivity test involved 

increasing the number of mandatory attributes for Scenario 1, namely Family Areas, 

Population Density, Privacy, and Pollen. The second test removed all mandatory 

attributes from Scenario 1 such that all attributes were desired. The third test weighted 

all components within each aggregation block in Scenario 1 equally. Finally, the last test 

implemented a one-at-a-time approach by incrementally increasing the input elementary 

attribute and elementary preference values for three elementary criteria (traffic noise, 

family areas, distance to schools) and the ANDness of aggregators for three aggregation 

subgroups (mandatory environmental, desired environmental, mandatory 

neighbourhood) at three residential unit locations (Figure 3.7) to derive sensitivity curves 

and influence ranges. 

 

Figure 3.7. The three residential units selected for the one-at-a-time sensitivity 
tests with associated suitability scores for Scenario 1. 
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To visualize the change in results for the first two tests, 3D difference maps were 

created by subtracting the original Scenario 1 suitability value for each unit from the 

corresponding new suitability value. Figure 3.8 presents the results of the sensitivity 

analysis with the initial Scenario 1 provided in panel (A) as a reference. Contrasting 

suitability values for more and no mandatory attributes are found in panels (B) and (C) of 

Figure 3.8, and the respective difference maps are shown in panels (D) and (E). The 

results of the third sensitivity analysis test with equal weights provides a very small 

change in obtained values for 3D suitability ranging from -0.12 to +0.05, which can be 

explained by the aggregation block components in Scenario 1 not having extreme 

differences for weights. 

The addition of further mandatory attributes generates more unacceptable units 

compared to the original Scenario 1.  This is particularly evident along the west 

downtown border where the percentage of family units is relatively low (Figure 3.8b), 

although some units’ suitability has increased marginally. Overall the range in suitability 

increase was minimal with a maximum increase of 0.11, compared to a maximum 

decrease in suitability of 0.75.  The results of the second test with all non-mandatory 

attributes shows a considerably different pattern of many fewer unacceptable units with 

the majority of units increasing in suitability with some exceptions, most notably in the 

same section as the first test results (Figure 3.8c). This can be explained that non-

mandatory attributes that score relatively low in this area such as family neighbourhood 

composition and year built now have a relatively larger influence on suitability outcome 

as there are no mandatory attributes. While approximately a quarter of all units have 

decreased in suitability by as much as -0.5, the overwhelming majority have increased, 

by a maximum of 0.72. These results demonstrate how significantly suitability can 

change depending on the designation of mandatory or non-mandatory attributes, as 

mandatory attributes are inherently restrictive. For this reason, the LSP-MCE method 

should be used with direct consultation of interested groups that can provide direct input 

in the choice of parameters for decision-making. 
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Figure 3.8. The 3D suitability maps for initial Scenario 1 (A) and the sensitivity analysis results for Scenario 1 with (B) 
more mandatory attributes and (C) no mandatory attributes, and the calculated corresponding 3D difference 
maps (D) and (E) respectively. Change in overall suitability compared to original Scenario 1 is expressed as 
the increase or decrease in suitability resulting from parameter variation. 
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The sensitivity curves derived from the fourth sensitivity test are presented in 

Figure 3.9 along with corresponding influence ranges for each of the three locations. 

Comparing the results for varying input elementary attribute values (Figure 3.9A), 

Distance to School has the largest influence range of the three criteria, which can be 

explained by its designation as a mandatory criterion, whereas the desired criterion 

Family Areas has the smallest influence range (Figure 3.9A). Traffic Noise is also a 

desired criterion, but it serves as an input for a mandatory component, which may 

explain its intermediate range of influence. The shapes of the curves are also significant 

with all following increasing concave functions with a progressively slower rate of 

increase in suitability for higher preference scores, though it is most pronounced for 

Distance to School (Figure 3.9B). This makes sense as mandatory criteria model hard 

simultaneity and therefore suitability is more strongly limited by other potentially lower 

scoring crtieria in the same aggregation block. The Distance to School curve starts at the 

origin (0,0) representing its mandatory nature and the automatic rejection of locations 

that do not satisfiy the criterion. Another observation is that Location 1 with the highest 

overall sutiabillity score also produces the greatest ranges in output suitability, while 

Location 3 with lowest suitability produces the smallest ranges. 

When the ANDness of aggregators is increased, the overall pattern is one of 

decreasing suitability as the progression towards simultaneity is more restrictive with 

fewer opportunities to satisfy user requirements based on other aggregation subgroup 

component preference scores (Figure 3.9C). In this case, Location 1 has the largest 

range in output suitability values under the Desired Environment subgroup, though 

Location 2 has the largest range under the two Mandatory subgroups. Mandatory 

Environment demonstrates the largest influence ranges of the three subgroups, which 

may be explained by the fewer number of input components that can ultimately impact 

the output preference score. 

In summary, based on the results extra care should be taken in assigning proper 

attribute values and calculating preference scores for the most sensitive parameters, 

namely mandatory criteria particularly where elementary preferences are low. 
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Figure 3.9. Sensitivity curves obtained for three locations using varying values for (A) input elementary attributes and (B) 
input elementary preferences for three elementary criteria, and (C) aggregators of varying ANDness for three 
aggregation subgroups. 
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The cost-suitability analysis on the three scenarios was performed and 

implemented using unique usefulness U(𝑣𝑖) and inexpensiveness P(𝑣𝑖) indicators and 

associated importance weights for each scenario to represent the relative importance 

and range of acceptable cost for each demographic type. The calculated values of the 

3D voxel units for each scenario are displayed in Figure 3.10 and summarized by class 

distribution in Table 3.3. The minimum suitability threshold of the usefulness indicator 

further restricts the overall value scores compared to the suitability scores and results in 

an increase in the number of unacceptable units across all scenarios (Figure 3.10, Table 

3.3). Conversely the number of higher value units has decreased for Scenarios 2 and 3, 

but has actually increased significantly for Scenario 1. This can be explained by the 

scenario’s relatively wide range in acceptable cost values for the family demographic’s 

inexpensiveness indicator, which results in relatively high cost scores at voxel unit 

alternatives that already possessed at least a moderate degree of suitability.  

In contrast, the number of higher value voxel units in Scenario 2 has decreased 

as a lower acceptable price range is assigned to the elderly demographic which reduces 

the desirability of higher priced units. Working professionals are allowed a more 

generous cost range, but higher priced units, which typically coincide with the units that 

are highly suitable in Scenario 3, still receive lower scores. Clearly, incorporating a cost 

requirement is necessary for such analyses as it is both an important factor in residential 

selection decision-problems and has a strong influence on the overall unit value 

abundance and distribution. This analysis can also be interpreted as an indicator of 

affordability as cost with assessment data represent a proxy for market value and the 

ability to afford a particular unit that will vary for all three chosen demographics. 
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Figure 3.10. Results of the cost-suitability analysis for Scenarios (A) 1, (B) 2, (C) 
3. 
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Table 3.3. Number and percentage of units in each value class by scenario. 

Value Class Scenario 1 Scenario 2 Scenario 3 

# of units % of units # of units % of units # of units % of units 

Excellent 

[0.88 – 1.00] 3,878 7.89 % 82 0.16% 8 0.01% 

Very Good 

[0.71 – 0.86) 1,770 3.60 % 2,513 5.11% 784 1.59% 

Good 

[0.57 – 0.71) 3,054 6.21% 6,812 13.86% 3,177 6.46% 

Average 

[0.43 – 0.57) 7,254 14.76% 6,939 14.12% 3,830 7.79% 

Poor 

[0.28 – 0.43) 6,010 12.23% 4,331 8.81% 5,379 10.94% 

Very Poor 

[0.14 – 0.28) 3,151 6.41% 1,644 3.34% 4,935 10.04% 

Unacceptable 

[0.00 – 0.14) 24,013 48.87% 26,809 54.56% 31,017 63.13% 

3.6. Conclusions 

This research extends the existing Logic Scoring of Preference (LSP) 

multicriteria evaluation (MCE) method to operate in a 3D GIS environment. The 

suitability scenarios used in this study demonstrate the proposed method’s ability to 

effectively analyze the suitability of thousands of 3D unit decision alternatives based on 

the distinct priorities, requirements and desires of different prospective resident 

demographic types. The results of the 3D LSP-MCE suitability analysis varied greatly 

across the three scenarios, in terms of both the abundance and distribution of units for 

each suitability class, illustrating the method’s responsiveness to different LSP 

structures. More broadly, the study provides evidence of the LSP method’s ability to 

accommodate various decision scenarios, and flexibility in decision logic for modeling 

human reasoning while accommodating a large number of input attributes. Furthermore, 

the cost-suitability analysis results support the need for incorporating the cost factor into 

such decision problems, as it is integral to real-world residence selection and can 

substantially alter alternative value outcomes.  
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Validation measures were not performed as the residential unit data layers due to 

privacy and availability issues were hypothetical and the LSP criterion function 

parameters by nature of the decision problem are highly subjective. Thus, the results are 

not meant necessarily to inform prospective residents’ home-buying decisions in 

downtown Vancouver, but rather to demonstrate the functionality and application of the 

proposed 3D WLC-MCE LSP method. However, if accurate residential data were 

available, it would not be difficult to generate 3D suitability values for all units. This study 

could be improved by obtaining and including more detailed residence data, such as 

precise unit floor plans and information on square footage and number of bedrooms and 

bathrooms. It could also further benefit from more accurate attribute analysis methods, 

more quantitative sensitivity analyses on other parameters, and surveying prospective 

residents to refine criteria weights and designation of mandatory/desired attributes. 

The 3D LSP-MCE method could benefit fields of study that require analysis and 

modeling of decision alternatives occurring across three dimensions, particularly where 

large numbers of attributes are involved. The wide range in decision logic aggregators 

allows for more expressive suitability maps in 3D through criterion function structures 

that better reflect human reasoning. The study could be extended by including more 

relevant criteria, analyzing a larger study area, or even adapted towards different user 

groups. The proposed method could for example be adapted to benefit government and 

industry professionals who have a hand in shaping or analyzing the urban environment. 

For instance, the method could assist urban planners and developers to thoroughly 

assess and select from various urban development scenarios, by analyzing the effects of 

new development on neighbouring buildings. More broadly, the 3D LSP-MCE approach 

developed in this research study can assist spatial decision-making in applications and 

fields that require analysis and representation in 3D. 
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Chapter 4.  
 
Conclusion 

4.1. General Conclusions 

The focus of this research was to develop novel analytical approaches extending 

the functionality of existing geographic information systems (GIS)-based multicriteria 

evaluation (MCE) methods to analyze the suitability of different decision alternatives in 

three dimensions (3D). The research was completed in two phases. The first phase 

entailed the development of a GIS-based weighted linear combination (WLC)-MCE 

approach for spatial decision-making analysis in 3D and applying it to an urban scenario 

to evaluate the overall suitability of different residential units in Downtown of the City of 

Vancouver, Canada. The second phase presented an advanced GIS-based logic scoring 

of preference (LSP)-MCE approach for 3D suitability analysis, applied to a larger study 

area encompassing residential units across all open-market high-rise residential 

buildings in Downtown Vancouver. In this study residential units were represented with 

3D voxels using real and synthetic geospatial data.  

The first phase of the research involved the pilot testing of a WLC-MCE method 

to analyze the suitability of hundreds of high-rise residential units in a 3D GIS 

environment under five alternative weighting scenarios (Chapter 2). Scenario 2 (3D-

oriented) resulted in a general decrease in suitability compared to Scenario 1 (basic), 

particularly for buildings along the waterfront that scored very high on the 2D or proximity 

criteria. Scenario 3 (family-oriented) exhibited highest suitability among the five 

waterfront buildings, reflecting the desire for clean air and to be located close to parks, 

the water, and school. Voxel units located on the upper floors of the southern facades of 

the waterfront buildings displayed the highest suitability in Scenarios 4 (elderly-oriented) 

and 5 (oriented to working professionals), representing the demographics’ shared 

preferences for view and sunlight and the elderly’s requirements for minimal noise and 

air pollution. Overall, suitability tended to be highest for voxel units on upper floors, in 

corner positions, on southern facades and in buildings located near the waterfront, as 

these units typically experience larger and more desirable views and greater access to 

sunlight, while buildings located away from the downtown core also experience less 
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noise and pollution from traffic. The results indicate that the 3D WLC-MCE method is 

effective and capable of analyzing the suitability of hundreds of decision alternatives in 

3D by several decision criteria, while capturing the variability in overall suitability scores 

with respect to alternative weighting schemes reflecting the unique preferences of 

different demographic types. Moreover, the results are expressed in a 3D suitability map 

with 3D voxels representing the residential unit alternatives. However due to the 

limitations of the additive scoring-based method, the implementation of a more advanced 

MCE method for 3D suitability analysis was explored. 

The second phase of research focused on the integration of LSP-MCE with GIS 

to perform a 3D suitability analysis of residential units across all open-market residential 

high-rises in Downtown Vancouver (Chapter 3). The results varied greatly between 

scenarios, more so than the results obtained in the first phase of research, as variation 

was also evident at the building level. Scenario 1 (families) produced the lowest number 

of high suitability units which were generally constrained to the lower to mid-level floors 

of waterfront buildings along the southern downtown boundary, reflecting the 

demographics’ restrictive requirements with many mandatory attributes including safety, 

noise, crime, and air pollution. Scenario 2 (elderly) exhibits the largest number of high 

suitability units located primarily on lower floors of inner buildings, with low suitability 

among voxel units on higher floors or along the downtown periphery, due in large part to 

the demographic’s requirements for low wind level and safety. In contrast Scenario 3 

(working professionals) expresses higher suitability for units on higher floors of newer 

waterfront buildings, a result of the preferences for a newer residence with access to 

large quality views and sunlight.  

Changes in suitability level were also produced from sensitivity analysis 

conducted on one of the scenarios, further attesting to the responsiveness of the 3D 

LSP-MCE method to changes in the input aggregation parameters. Furthermore, cost-

suitability analyses were performed for each scenario to calculate the overall value of 

each residential unit as a function of cost and suitability level. This generated significant 

changes in the overall score of many of the units, indicating the importance of 

incorporating cost factor into such spatial decision-making analyses. The results 

demonstrate that the 3D LSP-MCE method is indeed a flexible, sensitive, and 

expressive MCE approach that better represents human reasoning and captures more 

variability in the resulting suitability scores.  
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The research conducted in both phases not only produce novel GIS-based MCE 

approaches for suitability analysis in 3D, but also tools in the form of CityEngine routines 

that were programmed as CGA rule scripts. Though written specifically for the purposes 

of this research, the coded routines provide the structural basis for the analyses’ 

algorithms as well as a standard for the CGA programming language syntax. 

Consequently, the programmed scripts can be modified to perform 3D suitability analysis 

in CityEngine on other decision alternatives, or in accordance with other decision criteria, 

weights, suitability functions, or aggregators in the case of 3D LSP-MCE.  

4.2. Future Directions 

This research demonstrates that the proposed GIS-based MCE approaches can 

be successfully implemented to perform suitability analysis on decision alternatives than 

span three dimensions and generate a 3D suitability map. While both methods exhibited 

sensitivity to input parameters, the 3D LSP-MCE approach captured greater variability 

between the alternative demographic scenarios’ suitability results, providing further 

evidence of the LSP method’s ability to better represent human reasoning through 

flexible decision logic and many input criteria. The research presented in this paper 

could be extended to incorporate a larger study area, or more relevant criteria for 

residence selection. 

The analyses in this research could be improved with access to actual residential 

unit floorplan layouts as well as more precise building data to support higher level of 

detail (LoD) models, which enhance visual appeal and allow for additional analyses and 

potential calculation improvement particularly for models with enriched semantic 

information (Biljecki, Ledoux, & Stoter, 2017; Biljecki, Stoter, Ledoux, Zlatanova, & 

Çöltekin, 2015; Ohori, Ledoux, Biljecki, & Stoter, 2015). The attribute analysis 

calculations could also be enhanced through the application of more accurate methods, 

for instance by utilizing advanced computational fluid dynamics modeling software to 

estimate wind level (Ku & Tsai, 2020). 

The 3D LSP-MCE approach also can include reliability, sensitivity, trade-off 

analyses and optimisation (Dujmović, 2018) and this research could benefit if extended 

to perform these analyses. For example, further sensitivity testing of parameters, 

suitability functions and LSP aggregators not covered in this study to calculate 
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parameter influence ranges and assess the LSP method (Shen, Dragicevic, & Dujmović, 

2021). Furthermore, a more quantitative approach to compare the options of different 

scenarios representing different demographic types using integrated overall suitability 

analysis in 3D would be a beneficial improvement (Shen et al., 2021). Due to the highly 

subjective nature of the residence selection decision problem with potential discrepancy 

in valuation both between and within different demographic types, parameter 

optimization and model validation were neither feasible nor particularly advantageous. 

However inclusion of these steps as well as expert consultation would be important if the 

method were to be adapted for other users and purposes.  

While the proposed methods may not receive much real-world use in the 

demonstrated residence selection application, they could be modified for other purposes 

such as to support urban planners and developers in evaluating and selecting from 

various urban development scenarios. This would require input on parameters such as 

criteria weights and LSP aggregation structures from real stakeholders and experts who 

need to make informed decisions, or for the purpose of consensus or collaborative 

decision-making. For instance in assessing the best location to construct a new building 

and/or the impact proposed development scenarios would have on the overall 3D 

suitability and various attributes’ suitability of both the new building(s) and surrounding 

ones.  

Due to the relatively complex LSP method underpinning it, the 3D LSP-MCE 

approach is not immediately intuitive for new users, and so the development of an 

application interface that simplifies the process by allowing users to directly specify input 

parameters such as criteria weights and the structure of the attribute tree without any of 

the programming would be greatly beneficial. The 3D MCE tools developed in this 

research are currently limited to programmed routines in CityEngine software, which 

requires the user to gain a working knowledge of the CGA language in order to modify 

the scripts. Although the scripts could easily be modified to create a rudimentary 

interface in the CityEngine Inspector window that would allow the user to enter values for 

criteria weights and LSP aggregators, this becomes considerably more complex where 

flexibility in suitability functions and LSP aggregation structures are concerned, and so a 

more advanced application interface would need to be developed.  Dujmović and De Tré 

(2011) established an LSP interface via a Google Maps API allowing users to analyze 

the suitability of general residential areas based on prioritization of nearby points of 
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interest. However the API is not easily customized to other features of interest and 

purposes for the user, and lacks the advantages of a GIS framework’s flexibility and 

analytical capabilities. Shen et al. (2021) recently developed the GIS.LSP tool, an LSP-

based Python add-in application with a user-friendly interface that is compatible with the 

ArcGIS software environment. While the tool is intuitive and highly flexible in terms of 

creating the LSP aggregation structure, the accepted input data format is currently 

limited to raster GIS data layers in 2D only. Thus a similar program or extension of the 

GIS.LSP tool allowing for LSP-MCE analysis of vector-based decision alternatives and 

using voxel data in 3D would be highly valuable. 

4.3. Thesis Contributions  

The suite of 3D GIS-based MCE methods developed in this thesis research will 

make contributions to advancing knowledge in the GIScience and GeoComputation 

disciplines by providing novel MCE methods and tools to facilitate objective spatial 

decision-making analysis in 3D. Specifically, the proposed 3D GIS-based MCE methods 

overcome the two-dimensional restrictions of traditional suitability analysis by extending 

these evaluation methods to operate in 3D space using geospatial data.  

Furthermore, using 3D LSP-MCE overcomes the limitations associated with the 

WLC-MCE approach by incorporating soft computing logic closer to human decision-

making. Although recent studies have integrated GIS with LSP-MCE, the analysis and 

display of decision alternatives is still restricted to 2D representation in the form of 

regular raster grid cells. This research is the first work to propose a GIS-based LSP 

method for suitability analysis in 3D, allowing for enhanced visualization and 

understanding of patterns in relative suitability scoring by modeling the urban 

environment in 3D, thereby aiding prospective home-owners’ decision choices.  

This research can be adapted to benefit other stakeholders, such as 

entrepreneurs seeking a new business space. It can also assist in property tax 

assessment, or in supporting tools for urban planners, developers, and decision-makers 

in designing sustainable cities. For example, by allowing urban planners and developers 

to evaluate the effects and compare the results of alternative potential urban 

development scenarios. In addition, it can facilitate the decision-making process and 
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planning for municipal or provincial government use for the assessment of high-rise 

buildings and in general the urban densification process. 

In conclusion, the research presented in this thesis provides novel methods for 

GIS-based spatial decision-making analysis in 3D including the generation of a 3D 

suitability map. The proposed 3D LSP-MCE approach can be particularly useful in 

supporting spatial decision choices as the method utilizes a range of decision logic and a 

hierarchical aggregation scheme that better represents the structure of human 

reasoning. The 3D GIS-based MCE approaches in this research were applied to an 

urban context for high-rise residence selection but could be easily adapted to other 

applications such as urban planning or even other fields that require analysis of decision 

alternatives in three dimensions. Avenues for future research include extending the 3D 

MCE analysis and advancement of GIS-based LSP tools to support complex LSP 

analysis of vector or voxel data in 3D.  
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