
 

 

ABSTRACT 

TABRIZIAN, PAYAM . Integrating Geospatial Computation, Virtual Reality and Tangible Interaction to 

Improve Landscape Design and Research. (Under the direction of Dr. Perver Baran and Dr. Ross 

Meentemeyer). 

Geospatial computation, visualization and user interaction technologies can transform the practice and 

research of environmental design to cope with the new environmental and societal problems at hand, 

weaving across disciplines, bridging the science and aesthetics, while introducing efficiency, flexibility, 

legibility and interconnectivity. In this dissertation, I leverage these technologies to develop 

methodologies for enhancing research and design of environments. These methodologies aim to facilitate 

more efficient and accurate analysis of landscape spatial and experiential (e.g., aesthetic, restorative 

qualities) characteristics, and enable intuitive interaction and immersive visualization of design 

phenomena across spatial and temporal scales. The first methodology combines automated viewscape 

modelingïgeospatial analysis of visible structure and patternsï with human subjective evaluations to 

quantify, model, and map landscape characteristics and experience of landscapes. For more accurate and 

granular analysis of landscape structure and pattern, I utilize high-resolution surface models derived from 

lidar data, and enhanced vegetation modeling is applied. To better represent in-situ conditions and capture 

human perceptions, I utilize photorealistic Immersive Virtual Environments (IVE), also called Virtual 

Reality (VR) or Immersive VR (IVE). I apply this method to model and map visual characteristics and 

restorative qualities of an urban park. The second methodology focuses on real-time coupling of 3D 

modeling and rendering, geospatial analysis, and tangible interaction allowing users to design 

environments using their hands, and in real-time, receive maps and numeric feedbacks of spatial analysis, 

and see 3D visualizations rendered on a display or immersive head mounted displays. With this 

technology designers, experts and public can collaboratively explore design alternatives through an 

iterative process of ideation, geocomputational analysis, realistic rendering, critical analysis, and aesthetic 

exploration. The methodologies and software created as part of this dissertation can be used not only in 

environmental design and research but also for teaching and game development. While the presented 

case-studies are focused on site scale urban environments, solutions can be transferred to other contexts 

and scales.   

The most notable and novel contributions of this dissertation can be summarized as following: 1) a 

method and software for modeling experience of urban landscapes; 2) Method for improving tree 

obstruction in DSM, 3) Software for automated viewscape analysis and IVE survey; and 4) Method and 

software for real-time 3D rendering and immersion with geospatial data, and tangible interaction. 
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CHAPTER 1 

 

 

 
Introduction 

 

 

 

 

The pernicious problem that we as designers face today is that we tend to use old tricks to deal with new 

challenges. In other words, we tend to perpetuate structures of disciplinary knowledge that had been 

shaped around earlier problems but that no longer correspond to the problems at hand. The fields that 

constitute urban studies todayðdevelopment, design, community, and environmentð do not effectively 

reflect the complexity of todayôs urban problems. Neither do those that constitute architecture ðdesign, 

building technology, and culture studies. Problems such as coastal flooding, wildfire, transportation, 

material scarcity, mental and physical health, environmental injustice, and efficiency straddle across 

scales and disciplines, and demand new tools and new tricks. 

An effective approach to urban landscape planning and design require seamless integration of spatial and 

experiential analyses (Gobster, et al., 2007; Kovacs, et al., 2006; Wang, et al., 2016a). The former is 

essential for quantifying, preserving, and promoting natural processes and resource values that are ï

directly or otherwiseï related to humansô physiological and psychological well-being. The latter is as 

important, if not more, as experience influences peopleôs engagement and use of landscape, as well as 

public support for any landscape change (Fry, et al., 2009; Gobster, et al., 2007; Wang, et al., 2016a). We 

are more likely to support and preserve landscapes in which we have positive experiences. Conversely, 

we tend to alter or neglect landscapes with lower perceived qualities, irrespective of their ecological 

significance (Fry, et al., 2009; Gobster, et al., 2007; Kullmann, 2016). So far, with some limited 

exceptions, the spatial and experiential dimensions have not been effectively integrated in landscape 

design and research (Gobster, et al., 2007; Wang, et al., 2016b). This partly stems from disparities that 

exist between expertise domains (e.g., ecology vs. psychology), scale (landscape-scale vs. human-scale), 

analysis tools (e.g., GIS vs. surveys), and representation tools (e.g., metrics, maps vs. images, 3D 

simulations; Kullmann, 2016).  

Geospatial computation, visualization and user interaction technologies ðnot only as tools but also as 

modes of operation and inquiry ðare pushing the boundaries of urban planning and design in order to 
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deal with the new problems at hand, weaving across disciplines and sub-disciplines, introducing speed, 

flexibility, legibility and interconnectivity among the different aspects of the design domain. They can 

also contribute to making our fields more flexible to change and adapt to the new sets of problems as they 

emerge.  

With geospatial computation technologies, we can precisely model urban landscapeôs structure and 

patterns, explore the relationship between urban landscape form and its performance (e.g., biodiversity, 

pollution remediation, mobility, connectivity and visual impacts) across temporal and spatial scales.  

Flexibility of the geospatial modeling and simulation tools has empowered us to develop automated 

workflows for assessing not only the existing but also the emerging and proposed landscapes. Over the 

years, environmental design fields have incredibly advanced to consider form, composition, and program 

essential, to leave out technical issues and performance as contingent or unpredictable. The computational 

process allows us for more contingency to enter into the design process.  

With state-of-the-art geovisualization technologies such as virtual reality and immersive virtual 

environments (IVEs), we can better understand and communicate ñreal worldò experiences of existing 

landscapes or generate photorealistic ñwhat ifò scenarios for a changing landscape. These game-like 

environments can be flexibly programmed to implement interactions (e.g., walking) while collecting 

subjective (e.g., surveys) and objective (e.g., physiological sensors, and eye-tracking) response data. This 

allows us to rigorously assess how exposure to different landscape patterns and structures influence a 

range of behavioral (e.g., physical activity), perceptual (e.g., aesthetic enjoyment and safety), affective 

(e.g., mood and stress) and cognitive (e.g., direct attention recovery, learning, and creativity) responses.  

Advance user interaction technologies, such as tangible user interfaces, facilitate more engaging and 

intuitive exploration of spatial data and visualization, and by doing so bridge the interdisciplinary and 

knowledge divides allowing designers, engineers, and public to collaboratively steer and decide about 

design scenarios.  

Integrating these emerging technologies enables researchers and designers to cross the disciplinary 

divides between the research of human experience and the environment. It affords researchers to 

rigorously quantify and assess urban landscapesô structure, performance, and its experience across spatial 

and temporal levels. This integration also allows designers to elevate sophistication and complexity into 

aesthetics, and to more efficiently access, understand, and communicate the complexity of the urban 

landscape. Everything matters and we need to be able to absorb as much of the complexity of the world if 

we are to effectively change it.  
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In this dissertation, I explore methodologies that integrate geospatial computation, IVEs, and tangible user 

interfaces with aims to (1) facilitate more efficient and accurate analysis of landscape spatial and 

experiential (e.g., aesthetic, restorative qualities) characteristics, and (2) enable intuitive interaction and 

immersive visualization of design phenomena across spatial and temporal scales. While the proposed 

methodologies are applicable in other environmental design application and scales, the contextual focus 

of this dissertation is site-scale mixed use urban environments (i.e., urban parks). In chapters 2 and 3, I 

present a methodology for modeling experiential qualities of urban environments through an integrated 

approach that combines objective and perception-based landscape assessment approaches. I relate 

geospatial analysis of visible landscape structure and pattern (viewscape) with a survey of human 

perceptions. To account for fine-grain urban structure, I propose a number of improvements in geospatial 

analysis, and human perception elicitation techniques such as using high-resolution surface models 

derived from lidar data, enhanced vegetation modeling, and using photorealistic IVEs to elicit 

perceptions. In chapter 2, I describe the workflow and implementation of the viewscape model in GIS, 

and evaluate its explanatory power to predict visual characteristic (visual access, naturalness, complexity) 

by comparing the model results with human subjectsô rating of IVEs. In chapter 3, I apply the developed 

viewscape analysis method to predict and map perceived restoration potential of urban environments. I 

investigate the landscape structure and pattern indices that predict restoration potential and apply the 

relationships to generate spatially explicit maps of restoration potential.  

In chapters 4 and 5, I present a methodology and software for real-time 3D rendering with geospatial 

analysis and tangible interaction- a first solution for generating on-the-fly realistic renderings of changing 

geospatial data and simulations, informed by tangible interaction, and with live output for head-mounted-

displays. The proposed approach uses Tangible Landscape system (Petrasova, et al., 2018) which runs on 

open source geospatial analysis (GRASS GIS) software coupled with a scanner and projector. Tangible 

Landscape is paired with an open source 3D modeling and rendering software (Blender) to convert 

geospatial data and analysis to realistic 3D rendering, enabling traditional birdôs-eye views of 

environments to be visualized at ground-level in virtual reality. This coupling allows landscape architects, 

other professionals, and the public can collaboratively explore design alternatives through an iterative 

process of intuitive ideation, geocomputational analysis, realistic rendering, critical analysis, and aesthetic 

exploration. 

Chapter 4 introduces the methodology and demonstrates its functionality through an exploratory test-case. 

I provide a background to tangible geospatial interfaces and current state of the landscape design 

technology and discuss the rationale behind the coupling method. After briefly describing the hardware 

and software setup, I demonstrate the systemôs functionality and efficiency using a test case for 
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interdisciplinary problem solving in which a landscape architect and a geoscientist use Tangible 

Landscape to collaboratively design landforms, hydrologic systems, planting, and a trail network for a 

brownfield site. 

Chapter 5 provides a technical description of the methodology and its implementation as add-on software 

for Blender. I describe the software architecture, the coupling mechanism, and detailed workflow for 

converting various types of geospatial data to 3D models and rendering. Workflows are presented as step-

by-step procedures accompanied by python scripts. The chapter concludes with a small test case wherein 

a designer and an engineer interact with the system to design a landscape.  

In Chapter 6, I summarize the findings across Chapters 2-5 and discuss the potentials, limitations and 

improvement opportunities for each of the proposed methods.   
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CHAPTER 2 

 

 
Modeling visual characteristic of urban landscape with viewscape analysis of lidar surfaces and 

immersive virtual environments 
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Mitasova and Anna petrasova provided input on geospatial analysis and reviewed the manuscript. Ross 

Meentemeyr and Jelena Vukomanovic provided critical revisions to the structure and content of the 

manuscript.  
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Introduction  

The visual characteristics of landscapes are increasingly linked to peopleôs perceptual, affective and 

cognitive processes (Ode, & Miller, 2011; Tveit, et al., 2006). Characteristics such as complexity, 

openness, coherence, and naturalness, within a view, all contribute to aesthetic appreciation, perceptions 

of safety, perceived psychological well-being, and even mood (Barton, et al., 2009; Hipp, et al., 2015; 

Jansson, et al., 2013; Roe, et al., 2013). Modeling and quantifying these visual attributes as means to 

identify and safeguard valued landscapes and to assess publicôs reactions to landscape changes has been 

focus of both theoretical and applied research (Gobster, et al., 2007; Palmer, 2004). Conceptual models of 

landscape character (Tveit, et al., 2006) have synthesized evidence from environmental psychology and 

principles of landscape ecology to develop measurable indicators that describe visual characteristics in 

terms of configuration and composition of landscape features and patterns. For example, complexity 

(diversity of elements and visual richness) can be expressed by variations in surface elevation, quantity 

and diversity of visible landcover, and shape complexity of the visible edges. These indicators can be 

obtained by in situ observations and landscape photographs (Arriaza, et al., 2004; Otero Pastor, et al., 

2007), or through GIS modeling (Cavailhès, et al., 2009; Sang, et al., 2008; Schirpke, et al., 2013). The 

former approach provides a wealth of information but is restricted to the survey sites (Palmer, & 

Hoffman, 2001). On the contrary, the latter approach that uses digital spatial data allows for calculation of 

the visual characteristics for the entire study using automated procedures and creating spatial maps of 

visual characteristics and quality. However, GIS-based measurements have limited correspondence with 

visual landscape as viewed by the observer (Ode, et al., 2010; Sang, et al., 2008).  

Viewshed analysis that ascertains visible areas of a surface from a given vantage point (Brabyn, & Mark, 

2011; Wilson, et al., 2008; Zanon, 2015) has been used as a way to link the GIS analysis with the visible 

landscape (Sang, 2016; Sang, et al., 2008; Schirpke, et al., 2013). Earlier viewshed models have utilized 

digital terrain models (DTM) to produce binary visibility maps that represent visible and hidden areas of 

landscape. With introduction of lidar technology viewshed models have incorporated detailed digital 

surface models (DSM) that contain detailed elevation information about surface and above surface 

features such as building structures and vegetation. Landscape assessment and urban planning research 

combined viewshed mapsðcomputed using surfaces derived from lidar data or other sources of elevation 

datað with other spatial data such as high-resolution imagery, normalized difference vegetation index 

(NDVI) (Vukomanovic, et al., 2018; Wilson, et al., 2008), or classified landcover data (Sahraoui, Clauzel, 

& Foltête, 2016). Referred to as ñviewscape modelingñ (Wilson, et al., 2008), this technique takes into 

account the compositions of visible landscape including proportion of visible vegetation, water, or 

number of buildings. Recent research has extended the analysis of viewscapes by computing 
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configuration of visible landscape (e.g., pattern diversity, shape complexity, terrain ruggedness) using 

landscape metrics analysis tools that are commonly used in landscape ecology. A few studies that applied 

this method have reported good level of prediction. For example, Schirpke et al.ôs (2016) model predicted 

87% of variation in aesthetic potential in mountainous areas in Central Alps while Sahraoui et al.ôs (2016) 

model explained 90% percent of variation in French urban fringes. 

While viewscape models have been increasingly used to assess landscape characteristics across 

continental, regional, and landscape scales, their application for modeling perceptions in urban 

environments, particularly at the site scale, remains largely unexplored. In contrast to commonly studied 

biomes such as tundra, savannah, and flat pasture that involve long-range vistas, and homogenous 

landcover, urban landscapes involve variety of view ranges and spatial conditions ðshaped through 

interaction of granular landform and heterogeneous landcover. Due to difficulties in accessibility and 

processing lidar data for large regions, current viewscape models often utilize low-resolution DSMs or 

DTMs with manually extruded vegetation patches and building footprints (Sahraoui, Clauzel, et al., 

2016). This is in spite of the well documented influence of spatial data resolution on accuracy of visibility 

analysis.(Klouļek, et al., 2015; Sang, et al., 2008; Vukomanovic, et al., 2018). For example, Klouļek et 

al. (2015) showed that coarser DSMs tend to overestimate visibility compared to fine grained lidar DSMs, 

and that these errors are more pronounced in smaller viewsheds.  

Similar limitations hold for landcover data that is also integral for realistic estimation of visible content 

(e.g., number of visible deciduous trees and residential buildings), as well as for accuracy of landscape 

metric analysis (reviewed in Barry & Elith, 2006, MoudrĨ & Ġ²mov§, 2012). Publicly available landcover 

data are often coarse (10-30 meters) and do not represent features smaller than their pixel size (e.g., 

buildings, sidewalks, single trees). Although advanced methods such as object-based classification or 

pattern recognition exist to generate highly detailed landcover data from satellite imagery, incorporation 

of such data in viewscape models has been rare. To our knowledge, the only existing attempt includes the 

study of Wilson et al (2008) that used a 2.4 meter NDVI (obtained from QuickBird imagery) in 

combination with a 1.5 meter DSM to compute visible greenness.   

Another well-known limitation of lidar-sourced DSMs is their deficiency to realistically represent non-

surface vegetation (see Fig. 2.1). Specifically, raster-based DSMs represent trees as solid protrusions that 

entirely obscure the under-canopy and through canopy visibility (Bartie, et al., 2011; Murgoitio, et al., 

2017). This is a major source of error for visibility estimations, particularly in situations when observer is 

located within dense canopy (greenways), or in leaf-off season when visibility through deciduous trees is 

computed. Several techniques have been proposed to overcome this issue, such as visual permeability 
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concept that accounts for the probability of viewing a region as determined by the spatial density and 

position of tree models (Llobera, 2007), or trunk obstruction modeling that replaces the trees with an 

approximated trunk model (Murgoitio, et al., 2017). While improvements in resolution of spatial data and 

vegetation obstructions modeling have separately shown promise in enhancing the accuracy of visibility 

analysis, to our knowledge they have not been used together in a single study to generate a high fidelity 

viewscape model.  

 

Figure 2.1. Representation of deciduous trees in lidar derived DSM (left) and bird-view imagery (right) in 

leaf-off season. 

Evaluating whether and to what extent a viewscape model measures perceived visual characteristics, and 

therefore whether the metrics and/or input data used are appropriate for the modeling purpose, requires 

comparison of the model output with human subjectsô evaluations of landscape, either in situ or through 

landscape photography and 3D simulations. Because in-situ measurements are often time-consuming, 

labor-intensive and involve several confounding factors (e.g., changing weather), research has widely 

resorted to online or desktop surveys using photographs and 3D simulations (Sahraoui, Youssoufi, et al., 

2016). However, the use of digital stimuli is being increasingly contested for their representation validity, 

that is the observerôs ñresponse equivalenceò between in situ experience of landscape and a photographic 

representation (Palmer, & Hoffman, 2001). The least response equivalency has been reported for 

photographs of heterogeneous landscapes and mixed use urban environments (Palmer, & Hoffman, 2001). 

Another obstacle for verification of viewscape models is the discrepancy of view coverage between 

perspective photographs and visibility analysis in GIS. Perspective photographs have limited field of view 

(FOV, 60o for standard 35 mm wide-angle lens) while viewshed algorithms use 360o line-of-sight 

algorithms to calculate visibility for entire horizontal and vertical FOV. Suggestions to partially address 

this issue include limiting the viewshed analysis to the image FOV (Dramstad, et al., 2006), tapering the 

photographs (Sang, et al., 2008), using multiple photographs, and using panoramic views with spherical 

distortion (Sahraoui, Clauzel, et al., 2016).  
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Immersive virtual environments (IVEs) that immerse the observer in a virtual environment (VE) can 

potentially minimize the gap between modelled viewscape and in-situ experience of urban landscape. In 

contrast to desktop displays where FOVs are limited, immersive displays (CAVETM or head mounted 

displays, HMD) provide continuous visual feedback linked to the userôs head and body orientation 

allowing them to freely explore the entire viewshed area, and actively engage with the VE. Comparison of 

IVEs with desktop displays has shown higher sense of immersion (Kronqvist, et al., 2016) and presence, 

i.e., the perception of physically being present in a non-physical world (Slater, et al., 2009). Also,  IVEs 

elicit improved spatial perceptions (e.g., distance, depth), specially for more complex scenes (Kim, et al., 

2012).  IVEs have been widely adopted in geospatial sciences and urban planning applications such as 3D 

visualization of open map data (Çöltekin, et al., 2016), real-time 3D visualization of ecological 

simulations (Tabrizian, et al., 2016), geodesign (Dias, et al., 2015), and user experience and interaction 

with geovisualizations. However, their use for human verification of visibility simulations, particularly 

viewscape modeling has been limited.  

In this study, we develop and assess a novel multi-method approach for modeling visual characteristic of 

a mixed-use urban environment, an urban park. We use high-resolution DSM and landcover data retrieved 

from lidar to account for fine-grained structure and heterogeneous pattern of urban environments. Using a 

trunk obstruction modeling technique, we improve the vegetation visibility of the DSM. Based on the 

improved spatial data, we compute composition and configuration of viewscapes using automated GIS 

procedures. We conduct a perception survey using IVE images captured from a set of locations across the 

study area. Finally, we compare the metrics derived from the viewscape model with human subjectôs 

evaluations of IVEs to assess the capacity of the model to predict visual characteristics. We specifically 

focus on three visual characteristics, namely, visual access, complexity and naturalness that have been 

widely used to objectively estimate landscape visual quality and have shown strong links with human 

psychological responses to environments (Kuper, 2017; Ode, et al., 2009; Ode, & Miller, 2011; Tveit, et 

al., 2006).  

Methods  

Study area  

Dorothea Dix urban park covers 306 acres (125 ha) of western side of Raleigh, North Carolina (35ó46Á N, 

78ó39Á W; Fig. 2.2). The landscape is characterized by undulating topography and heterogeneous 

landcover. Vegetation coverage varies from grassy meadows, herbaceous perennials, Eastern and 

Loblolly pines, Willow and Red Eastern oaks, and a variety of landscaping trees and shrubs (e.g., Maples, 

Dogwood, Memosa, Magnolia, and Sweetgum). As a past psychiatric hospital campus, the site includes 
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numerous buildings (e.g., closed hospital, administrative and maintenance buildings, as well as derelict 

employee housing), and a network of paved roads. The study area therefore combines varied landscape 

types and spatial characteristics that makes it very relevant for our study.  

 

Figure 2.2. Location of the study site. 

Viewscape modeling  

Digital surface model (DSM) and Landcover  

To develop DSM and landcover we used three geospatial datasets including airborne lidar, multi spectral 

orthoimagery of vegetation and a road and building. The multiple return lidar data were acquired on Jan 

11, 2015 (leaf-off) with average density of 2 points per m2 and fundamental vertical accuracy (FVA) of 

18.2 cm. Two sets of orthoimagery were used: a 30 cm resolution orthoimagery captured in early 2015 in 

leaf-off condition, and a 1 m resolution four-band imagery captured in summer 2014 in leaf-on condition.  

DSM was developed by interpolating first-return lidar points at half-meter resolution. We used a 

regularized spline with tension algorithm implemented in GRASS GIS (Mit§ġov§ & Hofierka, 1993) to 

balance the smoothness and approximation accuracy of the surface. The land cover was developed 

through fusion of three layers (Fig. 2.3):  

(1) Canopy height model (CHM), obtained through filtering and interpolating lidar vegetation points. 

We applied supervised classification method (Phiri & Morgenroth, 2017) to strata of infrared 
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imagery (NAIP), lidar vegetation maximum values, and Orthoimagey to classify the CHM into 

mixed forest, evergreen and deciduous land covers.  

(2) The ground cover consisted of grasslands, herbaceous, and unpaved surfaces, which were 

manually, digitized these features over the 30 cm resolution orthoimagery.  

(3) Buildings and paved surfaces (e.g., streets, parking surface), which were rasterized from the 

vector line and polygon data.  

The resulting land cover map had a 0.5 m resolution (Appendix A) and included 12 land cover classes 

categorized based on NLCD classification.  

 

Figure 2.3. Land cover fusion layers (a) canopy trees derived from lidar points, (b) ground cover 

digitized over high resolution imagery and (c) roads and buildings rasterized from official vector 

data are combined to generate the (d) half meter resolution land cover.   

Trunk obstruction modeling 

To delineate vegetation structures that required improved representation for visibility analysis, we 

visually inspected lidar points and field images and identified three main structures (Fig. 2.4): (1) Dense 

evergreen patches (mainly loblolly pines) with dense understory (mainly woody shrubs and vines), (2) 

Evergreen over-story mixed with deciduous midstory (mainly red maple and sweetgum), and understory, 

and (3) Dispersed deciduous specimen consisted of large Willow and Northern red oaks, maples and 

landscaping trees. While the former two structures were mostly or entirely opaque, the third structure had 

substantial under-canopy and through-canopy visibility in the leaf-off condition.  

To overcome the visibility error of the deciduous canopies, we used trunk obstruction modeling method 

suggested by Murgoitio (2017) that has been shown to significantly improve short-range visibility 

estimations. The method involves delineating individual trees from lidar point cloud, and substituting 

them in DSM with their approximated trunk (Fig. 2.5, a and b). To do this, we delineated the individual 

treetops from DSM using geomorphons (Jasiewicz & Stepinski, 2013) ðan algorithm that uses pattern 

recognition principles to detect and classify landforms on an elevation model (Fig. 2.5, a). Geomorphons 
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can accurately detect treetops of deciduous and coniferous stands within complex forest structures 

(Antonello, et al., 2017). We extracted the summits from the classified landform raster map (0.5m 

resolution) to delineate treetop polygons and used their centroids to designate location and height of the 

tree trunk. We assumed that the apex of the canopy corresponded with the trunk location on a straight 

vertical line to the terrain. In addition, given that deciduous trees in our study area had similar sizes, we 

assumed a diameter of 1m for larger species (Oaks) and a 0.5 m diameter for smaller species. Finally, the 

segmented trunks were replaced with the deciduous canopies in DSM to acquire the improved surface 

model (Fig. 2.5, b).   

 

Figure 2.4. Field images (top) and Lidar points (bottom) showing three vegetation structures: (a) 

evergreen over-story mixed with deciduous midstory and understory; (b) dense evergreen patches 

and understory; (c) dispersed deciduous specimen. 
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Figure 2.5. Trunk obstruction modeling process and results: (a) geomorphon landform detection 

results where the summits are shown in brown,  (b) the extracted peaks with elevation values, (c) 

and (d) show the viewshed maps (yellow) computed from a tentative viewpoint (black dot) 

before and after trunk modeling, respectively. 

Computing viewscape metrics 

To obtain viewscape metrics, we measured the composition and configuration of viewscapes computed 

from 342 viewpoints (centroids of a 30 m grid) across the study area (Figure 6). Viewshed was computed 

on the DSM at the eye-level (1.65 m), and considering maximum visibility range of 3000 meters. We 

used GRASS GIS viewshed function, which uses a computationally efficient algorithm (line sweeping 

method) suitable for performing viewshed computation on a high-resolution DSM (Haverkort, et al., 

2009; Vukomanovic, et al., 2018). The algorithm calculates line-of-sight for each cell and its intersections 

with other cells ðassuming that two points are visible to each other if their line-of-sight does not 

intersect the elevation model.  

Computed viewscape metrics consisted of 19 landscape composition and configuration indicators that 

represent visual characteristics and are previously shown to predict perceptions (Sahraoui, Clauzel, et al., 

2016). Composition metrics characterize the visual content of landscapes and quantify each visible feature 

from the nine land-cover categories (Sahraoui, Clauzel, et al., 2016; Uuemaa, et al., 2009). To compute 

these metrics we intersected the viewshed map with land cover and applied zonal statistics to the obtained 

visible land cover map to compute the proportional contribution of each land cover class in the viewshed 

(e.g., % deciduous, % buildings).  
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Configuration metrics measure the topological structure of visible surface, as well as spatial arrangement 

and relationship between different land cover types. They included Total area of viewscape (Extent), 

Distance to farthest visible feature (Depth), Elevation variability of visible ground surface (Relief), 

Elevation variability of visible aboveground features (Skyline), Size of visible ground surface 

(Horizontal), Variability of depth (VdepthVar), Number of patches (NUMP), Shape complexity of 

patches (MSI and ED), Size of patches (PS), Density of patches (PD), and Land type diversity measured 

as Shannonôs diversity index (SDI). Depth and Extent were computed directly from the binary viewshed 

map (visible or non-visible). To compute Horizontal, Relief and Skyline, the viewshed map was 

intersected with a bare-earth digital elevation model (DEM) and DSM to develop separate maps of 

ground (horizontal viewshed) and aboveground (vertical viewshed) visibility, respectively. The rest of 

variables (Nump, MSI, ED, PS, PD, and SDI) were measured using landscape structure analysis (also 

called landscape metrics). For more detailed definition, measurement and computation of landscape 

metrics see Appendix B. The entire GIS analysis and automation workflow was performed via a python 

script implemented in GRASS GIS. 

 

Figure 2.6. Procedure for computing binary viewshed for a single viewpoint, combining the 

resulting map with land cover, DEM and DSM to obtain visible land cover, horizontal and 

vertical visible surface, and applying spatial analysis to quantify composition and configuration 

metrics. 
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Immersive Virtual Envi ronment (IVE) Survey of perceived visual characteristics 

IVE stimuli 

To select viewpoints for model verification we assessed the viewscape metrics using two selection 

criteria: (1) the visual attributes of the selected viewpoints should approximately represent the range of 

values of the 342 viewpoints; and (2) viewpoints be at least two grid cells (60m) apart to ensure that they 

spatially represent the study area. A selection of 24 points satisfied these criteria and were considered for 

acquiring photographs (See Appendix B for the descriptive statistics of viewscape metrics, and Fig. 2.8 

for the panoramic photographs of the selected points). 

Viewpoints were located using a handheld GPS device (Trimble model, 10-50 cm accuracy). At each 

location, we took an array of 54 (9 x 6) photographs, at the eye-level (1.65 cm), using a Canon Eos 70D 

camera fixed on a robotic mount (Gigapan Epic Pro; Fig. 2.7a). All photographs were taken over four 

days in Feb 2017, in similar weather and lighting conditions. We stitched the images to acquire a 25 

Megapixels panoramic image with spherical projection, i.e., equirectangular image (Fig. 2.7b). Through a 

process known as cube mapping (Dimitrijevic, 2016), each equirectangular image was unfolded into six 

cube faces (Fig. 2.7c). In virtual reality software, these faces are wrapped as a cubic environment around 

the viewer (i.e., skybox; Fig. 2.7d).  

 

 

Figure 2.7. Procedure for (a) capturing, (b) stitching, and (c) cube mapping for creating 

immersive virtual environments. 
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Figure 2.8. Equirectangular images used in IVE survey. Note: the images have spherical 

distortion. 
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Survey Procedure 

In total, 100 undergraduate students at a university in the southeastern United States participated in this 

study. The mean age among the participants was 19.56 years (SD = 3.17); 51% were male (N = 51) and 

70% were white (N = 70). Participantsô study background varied; 47% were from parks recreation and 

tourism management, 25% from sport management and 28% from natural and social sciences. 

Participation in the study was voluntary, and those who volunteered were entered in a random drawing for 

one of the ten $25 gift cards to an online merchant.  

Perceived visual characteristics were measured using three items. Visual access (also called visual scale), 

broadly defined as size, shape, diversity, and degree of openness of landscape rooms or perceptual units 

was measured using one item without explicit reference to openness: ñHow well can you see all parts of 

this environment without having your view blocked or interfered with?ò (Herzog, & Kropscott, 2004). 

The response options ranged from 0 = not at all to 10 = very easy. Naturalness defined as the extent to 

which landscape is close to a perceived natural state (Dramstad, et al., 2006; Ode, et al., 2009) was 

measured by a single item ñHow natural do you perceive this environment?ò using a 11-point scale with 0 

= not natural,  10 = very natural (Marselle, et al., 2016). For perceived complexity participants responded 

to the statement ñHow complex you perceive this environment? ñ using a 11-point scale, 0 = not at all, 10 

= very complex (Lindal and Hartig, 2013) .  

The IVE survey was carried out in a controlled lab environment. Upon participantsô arrival, a researcher 

assisted them to don and adjust HMD (Oculus CV1), practice rotating around, and interacting with the 

joystick controller. To familiarize participants with experience of immersion and responding to on-screen 

survey, they experienced two mockup IVE scenes depicting an urban plaza and a park. For each scene, 

they responded to three statements measuring perceived realism and presence in the virtual environment.  

After the warmup phase, each respondent experienced 24 randomly displayed IVEs with a 2-minute 

recess after the 12th scene.  Each of the IVE scenes was to be rated on only one of the response variables 

(perceived visual access, complexity, and naturalness). The variable for rating was randomly selected by 

the VR application at the start of the study. The choice of splitting survey questions was guided by a pilot 

study, in which participants (N = 11) reported a sense of fatigue, boredom and confusion after responding 

to multiple survey items for each immersive scene.  

Participants experienced each scene for 25 seconds, after which, a semi-transparent dialogue box 

containing the survey item was displayed on the HMD. There was no time limitation in the response 

phase allowing respondents to freely explore the immersive environment and rate the statement (using the 

joystick controller) as they continued to experience the scene. The entire experiment procedure was 
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developed as a python script and executed in World Vizard VR development software (WorldViz Inc, 

Version 5.4).    

Following the experimental session, participants filled-out a brief pen-and-paper survey including 

questions about age, field of study, ethnicity, and familiarity with the landscapes they experienced. Total 

duration of each session was on average 40 minutes (range 37- 46). Data were collected over four weeks 

in March 2016. The study protocol was approved by the universityôs Institutional Review Board.  

Viewscape model assessment 

We used multiple linear regression analysis to test the capacity of the viewscape model to predict each of 

the three perceived measures (visual access, naturalness, and perceived complexity). A stepwise variable 

selection based on the minimization of the Akaïke Information Criterion (AIC) was applied to fit the best 

predictive model for each dependent variable.  In cases involving landscape metrics and compositional 

variables, it is recommended to assess predictors for multicollinearity (Bortz, 1993). Therefore, we 

filtered out the variables with strong multicollinearity based on the correlation matrix among all factors 

(see Appendix C). Additionally, for each of the regression models we diagnosed collinearity using the 

variance inflation factor (VIF) to include variables with tolerance of larger than 0.1 and VIF smaller than 

10, as suggested by Hair et al. (2009).  The prediction power of regression models are reported using 

adjusted coefficients of determination (R2
adj), and the relative contribution of each variable to the model is 

reported using standardized regression coefficients (Table 2.1). 

Results 

The mean values of perceived visual access of IVEs varied between 1.85 and 10.62 (Table 2.2). Very 

high values were assigned to viewscape with long vistas and large viewshed areas (scenes 21, 14), and 

viewscapes enclosed by forests, hills, and buildings (scenes 10, 1, 13) obtained the lowest values. The 

selected regression model for perceived visual access included 11 variables and produced an adjusted 

coefficient of determination (R2
adj) of 0.65, P <0.001 (Table 2.1). Extent had the strongest positive 

contribution to the model, followed by Viewdepth_var and Depth. Skyline and Relief, respectively, had a 

negative correlation with perceived visual access. From the compositional metrics, Building had a strong 

negative impact on perceived visual access, whereas Deciduous and Paved positively contributed to the 

model. Among configuration metrics, ED (edge density) had a strongest negative contribution to the 

model, while NUMP (number of patches) was positively related to perceived visual access.  

Perceptions of naturalness ranged from 1.68 and 10.31 (Table 2.2). Viewscapes depicting herbaceous land 

cover,  mixed forests and unpaved surfaces received highest ratings (scenes 1, 2, 3) and those within 
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highly built areas with little vegetation coverage received the lowest ratings (scenes 20, 23). With a 

selection of nine variables, the regression model explained 62% of variation in Perceived naturalness 

(R2
adj = .62, P <0.001). The majority of variation was explained by compositional metrics. Grass coverage 

had the highest positive correlation with perceived naturalness, followed by Mixed, Herbaceous and 

Deciduous coverage. An inverse significant correlation was found for Buildings. From the configuration 

metrics, Relief and NUMP had positive contribution, and MSI had negative contribution to the model. 

Perceptions of complexity varied from 2.29 to 9.9. The lowest values were assigned to viewscapes with 

lowest SDI (scenes 1 and 10), whereas those with highest SDI were perceived as highly complex. With a 

selection of seven visual attributes the model explained 42% percent of variation in perceived complexity 

(R2
adj = .62, P <0.001). Most of the contribution came from configuration variables (Table 2.1). Among 

those, NUMP had the highest positive impact, followed by SDI and ED. Relief and Skylineðmeasures of 

terrain and above-terrain vertical variabilityðboth positively affected perceived complexity, while Depth 

had a negative correlation. From the composition metrics, relative Building coverage was the only and the 

most positively correlated variable with perceived complexity.     

Discussion  

The purpose of this study was to develop and assess a novel multi-method approach for modeling 

viewscapes for mixed used urban environments. We utilized high-resolution spatial data and improved 

vegetation modeling method to develop a viewscape model accounting for granularity and heterogeneity 

of mixed use urban environments. Using human subjectôs evaluations of IVEs taken from the study area, 

we assessed the capacity of the viewscape model to predict three visual characteristics, namely visual 

access, naturalness, and complexity. Our results show that with our proposed approach, viewscape models 

can reliably capture visual characteristics of the urban park environments. Findings also confirm the 

relationships between landscape configuration and composition and examined perceptions. 
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Table 2.1. Multiple linear regression models for the three visual charactristics, perceived visual 

access, perceived naturalness, and perceived complexity. 

 

Variables: Vdepth_var = view depth variation, NUMP = patch number, ED = edge density, MSI= mean shape index 

SDI= shannon diversity index.  

 

Group Variable Coefficient
Normalized 

coefficient

Student 

t
ToleranceVIF

Perceived Visual access

(Intercept) 7.120 7.11 ***

N = 32 Extent 0.000 0.39 6.74 *** 0.14 7.151

R
2
adj =  0.65 Depth 0.001 0.11 2.94 ** 0.333 3.003

P < 0.001 Skyline -0.176 -0.143 -2.76 ** 0.173 5.765

Relief -0.158 -0.119 -2.85 ** 0.27 3.699

Vdepth_var 0.077 0.215 3.94 *** 0.157 6.362

Building -0.180 -0.414 -7.61 *** 0.159 6.279

Paved 0.026 0.106 2.21 * 0.201 4.966

Decidous 0.058 0.173 4.65 *** 0.338 2.962

Herbacous -0.044 -0.2 -6.87 *** 0.551 1.815

NUMP 19.200 0.164 3.17 ** 0.175 5.722

ED 0.000 -0.39 -7.33 *** 0.163 6.119

Perceived Naturalness

N = 34 (Intercept) 2.441 3.25 **

R
2
adj =  0.62 Relief 0.157 0.128 3.88 *** 0.471 2.122

Decidous 0.057 0.187 6.30 *** 0.582 1.718

Mixed 0.074 0.37 9.07 *** 0.311 3.21

Evergreen -0.13 -0.13 -4.36 *** 0.537 1.861

Herbacous 0.067 0.335 8.26 *** 0.315 3.178

Grass 0.066 0.407 7.25 *** 0.164 6.113

Building -0.12 -0.302 -5.42 *** 0.166 6.023

MSI -0.017 -0.124 -3.19 ** 0.549 1.822

NUMP 7.026 0.102 2.08 * 0.517 1.935

Perceived Complexity

N = 34 (Intercept) -1.37 -3.47 ***

P < 0.001 Relief 0.152 0.13 2.58 ** 0.549 1.822

R
2
adj =  0.42 Depth -0.001 -0.138 -2.95 ** 0.328 3.049

Skyline 0.06 0.072 1.59 * 0.408 2.452

Building 0.191 0.474 10.32 *** 0.344 2.905

SDI 2.74 0.305 7.88 *** 0.442 2.26

ED 0.001 0.142 3.36 *** 0.367 2.726

NUMP 0.001 0.378 5.93 *** 0.123 8.101
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Table 2.2. Mean and standard deviation (SD) of participants ratings of perceived visual access 

(N = 32), perceived naturalness (N = 34) and perceived complexity (N = 34) of the 24 

viewscapes used in the survey 

  

Perceived  

Visual access   

Perceived  

Naturalness   

Perceived  

Complexity 

Viewscape Mean SD   Mean SD   Mean SD 

1 2.21 1.51   10.31 1.03   2.29 1.22 

2 4.76 0.89   9.48 1.52   3.82 1.38 

3 3.53 1.66   9.38 1.64   4.71 1.95 

4 7.88 2.33   8.06 2.22   4.35 1.91 

5 8.65 1.79   7.24 2.12   8.03 1.22 

6 8.59 1.91   7.72 1.17   7.18 2.68 

7 8.94 2.04   7.78 1.95   6.74 2.31 

8 9.12 2.24   9.22 1.07   6.09 2.39 

9 8.88 1.04   7.09 1.99   9.09 2.68 

10 1.85 1.13   9.50 1.24   2.41 2.27 

11 3.53 1.56   6.91 2.10   8.71 1.75 

12 7.32 1.97   6.36 2.04   8.56 1.60 

13 2.38 1.61   4.03 0.93   7.85 1.13 

14 9.53 1.78   6.06 2.76   6.03 2.28 

15 8.18 1.64   7.91 2.05   7.15 1.28 

16 8.35 1.81   7.24 1.97   7.68 1.34 

17 5.62 2.53   3.97 1.23   8.85 2.34 

18 7.74 2.06   8.91 1.96   4.06 1.59 

19 8.29 1.64   8.09 1.67   7.71 2.36 

20 5.29 2.52   1.68 1.14   5.47 2.98 

21 10.62 0.49   8.65 1.33   4.44 1.42 

22 7.09 1.82   6.48 2.27   6.41 2.40 

23 3.00 0.85   2.32 1.25   9.00 2.13 

24 7.12 2.25   3.32 1.05   8.74 1.19 

Predicting visual characteristics 

Statistically, viewscape models provide results with good explanatory power. Regression models explain 

almost 65% of the variance at best (naturalness, visual access) and as much as 45% at worst (complexity). 

These results are comparable to those in a similar analysis by Schirpke et al. (2013) and Sahraoui et al. 

(2016) that estimated perceptions of mountain regions and urban-rural fringes, respectively using 

viewscapes.  

Regarding the metrics selected for visual access model, the analysis shows that extent (viewshed size) and 

depth had a strong positive impact on the visual access. This finding is in line with extant studies 
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indicating that the observerôs distance between the obscuring elements (depth) and the amount of visible 

space (extent) have strong influence on perceived visual access (Herzog, & Kropscott, 2004; Stamps, 

2010; Tveit, 2009). Depth variation ïthe spatial variation of the view depth (Sahraoui, Clauzel, et al., 

2016)ï also showed positive impact on perceived access. This indicator is analogous with ñnumber of 

perceptual roomsò, which is one the main determinants of visual access, as found by Tveit (2009). An 

interesting finding concerns the strong negative role of buildings and positive role of deciduous trees in 

perceived visual accessibility, emphasizing the importance of permeability (porosity) of the obscuring 

elements. Indeed, in leaf-off season deciduous forests allow for more visibility through the branches 

compared to evergreen and mixed forests. Similarly, horizontal surfaces occupy a smaller proportion of 

the visible landscape unlike buildings, whose vertical development leads to significant visual salience. 

For perceived naturalness, we found a positive role played by green spaces and natural groundcover such 

as grasslands and herbaceous land cover, which is consistent with what is generally reported in literature. 

In contrast to previous studies that combined all forest typologies as a single forest land cover (Dramstad, 

et al., 1996; Sahraoui, Clauzel, et al., 2016; Schirpke, et al., 2016), incorporation of fine-grained land 

cover enabled our model to discriminate between forest types and revealed perception differences among 

them. Mixed forests consisting of more than two stand types and abundantly covered by mosses and 

lichens, were perceived as more natural than the deciduous and evergreen specimens, which parallels 

previous studies suggesting that less maintained and varied representation of vegetation positively impact 

perceived naturalness (Ode, et al., 2009; Tveit, et al., 2006). Also, as expected, man-made elements, such 

as residential or administrative buildings, had a negative effect in naturalness judgments. We also found 

strong impact of relief indicating that viewscapes with higher vertical variation or rugged terrains were 

perceived as more natural. Although positive contribution of relief to aesthetic preferences has been 

confirmed by several studies, there is no prior evidence regarding relationships with perceived naturalness 

as a basis for comparison.  

Also, contrary to our expectations with regard to the literature on landscape visual characteristics (Tveit, 

et al., 2006), shape index and number of visible patches had positive association with perceived 

naturalness. It is generally suggested that a more varied patch shapes may be perceived as more natural 

compared to a straight edge (Bell, 2001; Ode, et al., 2009) and landscapes consisting of small, fragmented 

patches may be interpreted as less natural, compared to those with one large woodland patch. We 

speculate that in case of metrics, such as mean shape and edge index, viewsheds introduce geometry 

artifacts. In other words, mean shape index (MSI) may be more indicative of the shape irregularity of the 

viewshed than that of landscape patches seen in the view, and respondents may not necessarily treat 

viewshed boundaries as being relevant to naturalness. This is further exacerbated by the fragmented areas 
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and ñholesò produced by viewshed analysis.  

Turning to the perceived complexity model, land cover heterogeneity (SDI), edge density (ED) and 

number of visible patches (NUMP) had strongest impact, confirming what is generally reported in 

environmental psychology oriented work suggesting that number (richness) and /or diversity 

(arrangement) of visible landscape have strong influence on perceived complexity and aesthetic 

preferences (Berlyne, 1974; Kaplan & Kaplan, 1989; Stamps, 2004). Previous studies using landscape 

metrics to compute complexity, generally assumed landscape as a planimetric surface and focused on 

horizontal (land cover) heterogeneity. We dissected the viewscape into surface and above surface 

elements to compute two vertical heterogeneity factors, relief and skyline variability ï features that play a 

key role in human perception and preferences. Our results indicate a positive impact of relief on 

complexity suggesting that participants perceived rolling terrains more complex than flat ones. Skyline 

variability was omitted from all three visual characteristic models due to strong collinearity with relief in 

our study area. This variable deserves further exploration as it reveals the complexity of horizon such as 

its smoothness and the number of times the horizon is broken, which are shown to impact perceived 

complexity.  

Complexity of the view, as represented by elements distributed in panoramic image, may not be readily 

transferable to spatial distribution of these elements across a landscapeôs surface, even less so as 

represented in 2D spatial data (Ode, et al., 2010). As such, images may convey additional information 

such as shape and color of buildings, presence of car and people, even fractal dimension of tree branches 

all can influence perceived complexity. To supplement this study, it would be instructive to further test 

the validity of viewscape models by using image-based analysis complexity such as attention-based 

entropy measures (e.g., Rosenholtz & Nakano, 2007), object counts (e.g., Fairbairn, 2006; Harrie & 

Stigmar, 2010), image compression algorithms (Palumbo, et al., 2014), landscape metrics analysis 

(Stamps, 2003), and fractal dimension (Hagerhall, et al., 2008; Stamps, 2003; Taylor, et al., 2005). It 

should be also observed that a single survey item for complexity might have not reliably captured 

perception of complexity. Complexity is an intricate and multi-faceted notion and different participants 

may have interpreted it differently (Schnur, et al., 2018). Recommendation for future analysis include 

using multiple-item survey, or if not applicable, briefing participants with a distinct definition of 

complexity to acquire a more homogenous baseline understanding of the concept.  

Methodological contributions and consideration 

We used tree delineation and trunk modeling to leverage vegetation structural data (height and stem 

position) derived from lidar as obstructions in the visibility  analysis. The partial vegetation treatment, to 
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our knowledge, has not been previously incorporated into viewscape models. However, this technique is 

most effective in leaf-off season where canopy has small impact on visibility, whereas in leaf-on season it 

may lead to over-estimation of visibility. Also, we assumed a binary occlusion system in which trees 

either completely obstruct visibility or not at all, whereas in reality tree canopy may not be entirely 

opaque, depending on the foliage type and density. Alternatively, more nuanced methods such as use of 

volumetric (voxel-based) 3D visibility models (Chmielewski, & Tompalski, 2017) or calculating vision 

attenuation based on foliage density and seasonal variation may be preferred (Bartie, et al., 2011). These 

techniques however, may pose challenges due to prohibitive computing time and limited integration with 

GIS analysis (Ode, et al., 2010). Another point worth mentioning is that we assumed similar trunk 

diameters for all the decimated trees given that the majority of the deciduous trees in our study area 

similar sizes. However, in areas with more varied tree typology, this can potentially cause errors in 

estimation of under-canopy visibility, especially when the viewpoint is near the trunk. More precise 

estimation of the trunk can be achieved using tree diameter at breast height (DBH) metric calculated from 

height (derived from lidar point) and species growth coefficients (Murgoitio, et al., 2017).  

An additional contribution of this work includes a novel method for model assessment through IVE 

technology. Employing IVE images allowed us to capture and display the entire FOV, thereby addressing 

the concerns regarding the inconsistency of perspective photographs (Ode, et al., 2010) with viewshed 

coverage, and correspondence with ñin-situò experience (Appleton, & Lovett, 2003). However, 

photograph based IVEs are static and limit participantôs navigation (moving in the environments) and 

may include contents that are not captured in the spatial data (e.g., people and cars). Alternatively, 3D 

simulations and game environments that generate landscape views from geospatial data can be used to 

achieve higher control over the scene content and implement enhanced interactions (eg., allowing user 

controlled walk-throughs). However, it can be argued that photorealistic panoramas as a cost-effective 

and easy, yet highly realistic method to capture viewscapes, runs up against the problem of low ecological 

validity, and higher production effort of 3D simulations.  

Limitations and future work  

We should emphasize the need for consideration of more detailed and case-relevant land cover 

classification. Existing classifications are overly broad and distinguish only between a few forest types 

(deciduous, mixed and mixed forest), ground cover, and building typologies (residential and public 

administrative buildings). Indeed, landscapes are not reduced to their material characteristics alone. 

People interpret landscape components semantically assigning meanings to them based on their use and 

cultural, spiritual and historical significance (Palmer, 2004; Sahraoui, Clauzel, et al., 2016). Examples 

include presence of attractive, historic or landmark buildings, blooming trees, ornamental and exotic 
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vegetation, and attributes such as maintained and unmaintained vegetation. These indicators are linked to 

aesthetic preferences, or important visual characteristics such as imagability and stewardship (Ode, et al., 

2009). Thus, a possible avenue to improve explanatory power of viewscape models can be using a more 

granular classification aligned with indicators established in environmental psychology and landscape 

visual character literature. 

We should note that unrestricted exploration of 360 viewscapes afforded by HMDs may come at a cost of 

reduced control over the amount of visual information that participants receive from a scene. The extent 

that participants explore the immersive scene and thus the information they receive, may vary based on 

their level of engagement, comfortability and familiarity with the VR equipment, and preference to 

certain elements and characteristics. Also, as opposed to unique perspective of still images, the 

unconstrained horizontal and vertical viewing generates myriad of perspectives and occlusions, which 

poses additional standardization challenges. Although we tried to control for these biases by instructing 

participants to thoroughly explore each IVE scene and base their response on the experience of the place 

as a ñwholeò, we cannot make strong inferences of the relative contribution of scene element to 

perceptions and whether participants received the same information from each scene. In this respect, it 

would be interesting to examine whether the viewing patterns play a part in respondentsô perception of 

immersive scenes and explore specific contribution of certain perspectives or certain landscape elements 

on perceptions. This can be achieved by leveraging the ability of modern HMDs that record userôs head 

orientation and eye-movement in real-time, allowing for establishing the links between viewing behavior, 

viewscape characteristics, and perceptions.  

Finally, we can note that our relatively small participant number could have reduced the reliability of the 

models compared to prevalently used online surveys with substantial sample size. However, we argue that 

our sample was a good tradeoff between the enhanced realism of IVEs and experimental control, and the 

statistical robustness of the models. Also, as a common limitation of perception studies, our results may 

have been affected by personal and socio-cultural differences between participants such as familiarity 

with the landscape and place they grew up (Collado, et al., 2016; Keane, 1990), level of expertise 

(Sahraoui, Clauzel, et al., 2016), and values that they ascribe to the landscape (Tang, et al., 2015). 

Nevertheless, since landscape variations are reported to have much greater influence than the variations 

between observerôs differences (Schirpke, et al., 2016), we donôt expect them to have a major influence 

on our results. In cases where individual and cultural differences are of interest, pre-tests such as nature 

connectedness ratings (Mayer, & Ã, 2005), familiarity (Keane, 1990), and demographic information can 

be incorporated in our model to control for baseline differences or as a way to model perceptions of 

different cohorts (e.g., experts vs. non-experts, local vs. non-local), as shown by (Sahraoui, Clauzel, et al., 
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2016). 

Conclusion  

This study demonstrated that viewscape analysis based on high-resolution spatial data and improved 

vegetation model can be an effective method to quantify the composition and configuration of visible 

landscape, and to estimate perceived characteristics and qualities of urban park environments. We also 

demonstrated that photorealistic IVEs could be used as a viable method to represent and gather human 

perceptions of viewscapes and thus bridge the gaps between objective and subjective analysis of urban 

landscapes. Several avenues to further improve prediction power of viewscape models are suggested 

including refining spatial metrics, using a more granular land cover, quantifying participantsô viewing 

pattern of immersive scenes, and factoring individual differences into the model. While our results are 

particular to a context of urban park area, we argue that our workflow could be replicated in other urban 

and landscape contexts with a step of calibration through conducting IVE survey. Our suggested method 

can benefit several applications. First, landscape designers and planners can use viewscape model as a 

way to develop spatially explicit maps of aesthetic and restorative qualities of a site, design a scenic route 

with specific characteristics in mind (e.g., open, views to lake), compare landscape characteristic before 

and after a design intervention or landscape change. Second, research in cultural ecosystem services can 

use our automation workflow to model viewscapes for millions of appreciated, revered, or frequently 

visited locations scraped from social media datasets such as images scraped from flickr, panaromio or 

comments scraped from trip advisor. Third, studies focused on visual impact assessments of infrastructure 

(e.g., wind turbines, and highways) will similarly benefit from improved modeling of vegetation and built 

features. Finally, landscape perception research can benefit from our approach to investigate subtle 

relationships between landscape elements and their configuration, and specific psychological outcomes 

such as attention restoration or stress-reduction. As the impact of every day encounters with urban 

environments on human psychological and physiological well-being become more and more apparent, 

more systematic and fine-grained understanding of the urban landscapeôs characteristics and experience 

can serve as a valuable addition to decision-making tools for landscape and urban planning.   
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CHAPTER 3 

 

 
Modeling restorative viewscapes: spatial mapping of urban Landscapeôs restorative potential using 

viewscape modeling and photorealistic immersive virtual environments 
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Introduction  

Landscape experiential qualities defined as restorative potential and aesthetic excellence of a landscape, 

are increasingly recognized as predictors of peopleôs physiological well-being (Alcock, et al., 2014; 

Lawson, 2012; Roe, & Aspinall, 2011; Townsend, & Weerasuriya, 2010; Triguero-Mas, et al., 2015; van 

Dillen, et al., 2012), residential satisfaction in urban and suburban areas (Hur, et al., 2010; Kweon, et al., 

2010), and a major component of cultural ecosystem services (Sahraoui, Clauzel, et al., 2016). Well-

established theories in environmental psychology have explained how landscapeôs visual attributes can 

influence human cognitive and affective states. As such, the biophilia hypothesis (Kellert, & Wilson, 

1995; Rosley, et al., 2014; Ulrich, 1993) describes the impact of exposure to natural features on 

psychological well-being and affective states, while attention restoration theory (ART) points to the 

environmental characteristics that promote recovery of attentional resources (Berman, et al., 2008).  

There are two main approaches for assessing landscape experiential quality (Daniel, 2001; Vouligny, et 

al., 2009). The first, so called ñsubjectiveò or ñperceptiveò approach, explores the landscape quality 

through the ñeye of the beholderò (Lothian, 1999) and relies on individual perceptions. The goal is usually 

to assess how an individual perceives a type of landscape, or certain landscape features and 

configurations. Methods derived from the cognitive sciences are predominantly used to examine the 

affective, perceptual and cognitive impacts of individual interaction with landscape. In most cases, 

landscape photographs are used as a proxy for in-situ experience (Dramstad, et al., 2006; Ode, & Miller, 

2011). More recently, advanced visualization techniques such as immersive virtual environment (IVEs) 

are used to study landscape preferences (Smith, 2015). The perceptive approaches are advantageous in 

that they relate subjective aesthetic values to specific features of landscapes and establish generalizable 

empirical evidence. They, however, have limited potential for spatial modeling of perceptions for a 

specific context, and for developing decision support tools for landscape planning (Schirpke, et al., 2016).  

The second approach, so called expert or objective approach, is based on the premise that landscape 

experience may depend directly on its visual attributes and therefore can be modeled objectively. This 

usually involves making a descriptive inventory of the various components of the landscape and capturing 

them in the form of variables describing the landscape content, shapes, colors, diversity, texture, 

harmony, and coherence (Schirpke, et al., 2016). The assessment may be based on a field audits through 

which an expert describes the landscape as seen in situ using a grid to evaluate the landscape, or a 

geographic information system (GIS) approach that uses digital modeling based on spatial data (aerial 

photos, land cover data). The major advantage of an expert-based assessment is its efficiency which 

allows the application for whole regions through automated procedures. It is, however, extremely 
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dependent on the professional knowledge of the assessor and thus have not yet reached the reliability 

level of the perception based method (Daniel, 2001). 

Within the objective approaches based on spatial data, viewscape analysis is particularly relevant for 

landscape assessment. Viewscape are the portions of a landscape that lie in the human observerôs visual 

domain (Wilson, et al., 2008). Viewscapes extend the typical definition of ñviewshedsò as simply 

delineating what is ñvisible or notò to ñwhat is viewedò and emphasize on the human visual connection 

with their 3-dimentional surrounding (Vukomanovic, et al., 2017; Wilson, et al., 2008). Viewscape 

analysis usually involves computing visible portions of a landscape on a digital surface model from 

multiple vantage points using line-of-sight method, combining these maps with landscape pattern, and 

performing spatial analysis to derive multiple metrics related to composition and configuration of visible 

landscape (Sahraoui, Youssoufi, et al., 2016; Schirpke, et al., 2013; Wilson, et al., 2008).  

To benefit from the advantages of both assessment methods, several studies have integrated subjective 

and objective approaches (Sahraoui, Youssoufi, et al., 2016; Schirpke, et al., 2013, 2016) by relating 

human perceptions with landscape structure and pattern metrics derived from viewscape analysis. The 

acquired relationships can then be extrapolated to develop spatially explicit model of perceptions for the 

entire study region. The integrative approach have been increasingly applied to model aesthetic values of 

landscapes ranging from Central Alps (Schirpke, et al., 2016), to French rural areas (Sahraoui, Clauzel, et 

al., 2016), and to Dutch agricultural landscapes (Van Berkel, et al., 2018).  

The majority of the landscape assessment models are focused on aesthetic perceptions, leaving little 

evidence on how landscape pattern and structure explain other experiential factors such as perceived 

restoration potential. Moreover, because the existing models are primarily developed for regional and 

landscape scale analysis, they have insufficient granularity and precision for modeling urban 

environments, especially mixed-used spaces such as urban green spaces that have a fine-grained pattern 

and complex structure. This is while a large and growing body of evidence has highlighted the critical 

role of urban green space in providing a range of ecosystem services (e.g., reductions in the urban heat 

island effect, habitat for a range of species, flood reduction; Ibes, 2016), and peopleôs physiological and 

psychological well-being (Honold, et al., 2015; Nordh, et al., 2011, 2009; Nordh, & Østby, 2013).  

To estimate restoration potential (RP) of urban green spaces, an efficient spatially explicit assessment 

method that accounts for the implications of fine-grained structure and heterogeneous pattern on 

viewscape properties and, at the same time, ensures the high reliability of perception-based assessments is 

still lacking. To fill this gap, we develop a model for restoration potential of urban landscapes through the 
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following steps. First, we compute the composition and configuration of viewscapes (viewscape metrics) 

through GIS analysis of high-resolution data derived from light detection and ranging technology (lidar). 

Second, we obtain RP ratings for a number of representative viewpoints using photorealistic immersive 

virtual environment (IVEs) as the survey stimuli. Third, we statistically relate the ratings of RP and 

viewscape metrics. Finally, we extrapolate the relationships to other viewpoints to develop a spatial 

model of RP for the entire study area.  

Methodology 

Study area  

Historic site of Dorothea Dix Park covers 306 acres (125 ha) of western side of Raleigh, North Carolina 

(35ó46Á N, 78ó39Á W; Fig. 3.1). Vegetation coverage varies from grassy meadows, herbaceous perennials, 

Eastern and Loblolly pines, Willow and Red Eastern oaks, and a variety of landscaping trees and shrubs 

(e.g, Maples, Dogwood, Memosa, Magnolia, and Sweetgum). These species form three dominant 

structures including dense evergreen forests composed of loblolly pines and dense understory; mixed 

forest patches consisting of evergreen over-story, deciduous midstory; and dispersed deciduous specimen 

consisted of large Willow and Northern red oaks, maples and landscaping trees (Fig. 3.3). Replacing a 

psychiatric hospital, the site also houses numerous building footprints (e.g., administrative and 

maintenance buildings, derelict employee housing), and a network of paved roads.  
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Figure 3.1. Location of the study site.  

Viewscape analysis 

Spatial data 

a. Digital surface model 

To generate a detailed model of the urban surface we used lidar (light detection and ranging) remote 

sensing technology. Lidar generates dense 3D point clouds of the earthôs surface by estimating the travel 

time of laser pulses between a sensor and earth objects (Wehr & Lohr, 1999). Using high resolution lidar-

derived DSMs has shown to achieve improved accuracy of visibility calculations compared to lower 

resolution (Klouļek, et al., 2015) and bare ground surfaces (Vukomanovic, et al., 2017). We developed a 

half meter resolution DSM (Fig. 3.2) by interpolating multiple return lidar points using a spline with 

tension algorithm (Mit§ġov§ & Hofierka, 1993). Our lidar data were scanned in a single flight on Jan 11, 
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2015 (leaf-off) with point density of 2 p/m2 and fundamental vertical accuracy (FVA) of 18.2 centimeters.  

 

Figure 3.2. Digital surface model interpolated from lidar points. 

Vegetation plays a key role in shaping perceptions of urban environments and thus their realistic 

modeling is important. Unfortunately, surfaces derived from airborne lidar cannot realistically represent 

trees structures (Bartie, et al., 2011; Murgoitio, et al., 2017) due to the fact the GIS maps are univariate 

and can only incorporate the highest (or average height) lidar points that fall in a single map unit (pixel). 

As a result, trees are represented as solid blockades protruding from the ground (Fig 3. b). This is a major 

source of error for estimating visibility, particularly in situations when observer is located within dense 

canopy (e.g., greenways), or in leaf-off season when visibility through deciduous trees are concerned. To 

overcome this error, we used Trunk obstruction modeling proposed by Murgoitio et al. (2017). The 

workflow involves delineating tree stems from lidar points, and substituting them in the DSM with their 

approximated trunk (Fig. 3.3c). Through this process we obtained a surface wherein deciduous trees are 

represented as trunks, and the rest of the vegetation are left untreated allowing the line of sight to extend 

beyond the deciduous trees (Fig 3.c).    
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Figure 3.3. Vegetation visibility improvement using trunk obstruction modeling. a) shows the photograph 

of the existing site condition and location of a tentative observer , b) 3D view showing viewshed map 

computed based on the DSM before and c) after trunk modeling for deciduous trees. 

b. Land cover 

A detailed land cover is essential for discrimination of fine-grained urban patterns (e.g., buildings, single 

trees, sidewalks). Publicly available land cover data are coarse and cannot sufficiently represent features 

smaller than their pixel size (10-30 meters). Therefore, we developed a detailed land cover through 

combining the following layers: 1) vegetation acquired from classified lidar points (Fig 3.4a), 2) ground 

cover (e.g., grasslands, herbaceous, and unpaved surfaces) digitized from a high-resolution areal imagery 

(Fig 3.4b), and 3) building footprints and roads retrieved from publicly available vector data (Fig 3.4c). 

The resulting map had a half-meter resolution and was classified into seven categories based on the 

patterns that were identified in literature as to likely affect landscape perceptions (Fig 3.4d, e).  
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Figure 3.9. Process of generating the lancover through fusion of (a) lidar vegetation, (b) digitized 

ground cover, (c) buildings and roads from vector data. (d) and (e) show the half-meter resolution 

landcover. 

Computing viewscape metrics 

We measured several metrics that characterize composition and configuration of viewscapes are 

previously found to be indicative of human perceptions. Composition metrics included proportional 

presence of each land cover category in the viewscape. Configuration metrics included the total area of 

viewscape (Extent), distance to farthest visible feature (Depth), elevation variability of visible ground 

surface (Relief), elevation variability of visible aboveground features (Skyline), size of visible ground 

surface (Horizontal), number of land type patches present (NUMP), shape complexity of patches (MSI 

and ED), size of patches (PS), density of patches (PD), and land cover diversity measured as Shannonôs 

diversity index (SDI). 
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In the first step, we overlaid a 5 m square grid on the study area and considered the center of each square 

as a viewpoint. The points that fell outside the site boundary and within inaccessible areas and buildings 

were excluded, resulting in total 399,321 viewpoints. For each viewpoint, the viewshed map were 

computed based on the DSM using an eye level of 1.65 m and maximum viewing distance of 1.5 km, 

corresponding to the furthest elements (downtown buildings) that were visible in our study area (Fig. 

3.5a). Viewshed map was created using a computationally efficient line- sweeping algorithm (Haverkort, 

et al., 2009). We intersected the viewshed map with land cover to obtain the visible land cover (Fig. 3.5b). 

Additionally, the viewshed map was intersected with the DEM to create separate maps for the ground and 

above ground visibility (Fig. 3.5c, 3.5d).  

For each viewpoint, composition metrics were computed through quantifying the area of pixels related to 

each category from the visible land cover. Extent and Depth were calculated from the viewshed map, 

Horizontal and Relief from ground visibility map, Skyline from aboveground visibility map, and MSI, 

ED, PS, PD, Nump and SDI were computed from the visible land cover using landscape metrics analysis 

(Porta and Spano, 2014). The process of viewshed computation and metrics calculation were automated 

for all viewpoints using a GIS-based model written in Python 2.7 (Python Software Foundation, NH, 

USA) and executed in GRASS GIS software (Neteler, et al., 2012).  

 

Figure 3.5. 3D representation of maps generated in the process of viewscape analysis: (a) 

viewshed binary map, (b) visible landcover, (c) visible ground (relief), and (d) visible above-

ground (skyline).    
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Restoration potential survey 

Stimuli  

Restoration potential (RP) was evaluated through a lab-based survey of immersive virtual environments 

(IVEs) developed from photographs taken from the study area. Recent research has noted the advantages 

of using photorealistic IVEs over conventional methods (e.g., 2D images) including higher representation 

validity (i.e., observerôs ñresponse equivalenceò between in situ experiences of landscape and a 

photographic representation), higher degree of realism and immersion, and increased experimental control 

(Blascovich, et al., 2002; Smith, 2015; Tabrizian, et al., 2018). We included a corpus of IVEs that 

represent the variation in landscape characteristics of the study area. Image acquisition locations were 

determined based on the following criteria: (1) the variation of viewscape metrics of the selected 

viewpoints should represent that for the entire study area; and (2) viewpoints should be at least 50 meters 

apart to ensure that they spatially represent the study area. A selection of 24 points satisfied these criteria 

and were considered for acquiring IVEs (See Appendix A for the descriptive statistics of viewscape 

metrics, and Fig. 3.6 for the panoramic photopraphs of the selected points).  

All photograph locations were geo-referenced in the field with a handheld GPS device. At each location, 

we took an array of 54 (9 X 6) photographs, at the eye-level (1.65 cm), using a Canon Eos 70D camera 

fixed on a robotic mount. To make sure that the stimuli content is compatible with the spatial data, all 

photographs were taken in winter (Feb) 2017 over four days, in identical weather and lighting conditions. 

The photopraphs were stitched to create a 25 Megapixel panoramic image with spherical projection, i.e., 

equirectangular image. Then, through a process known as cube mapping, each equirectangular image was 

unfolded into six cube faces. In virtual reality software, these faces are wrapped as a cubic environment 

around the viewer (i.e., skybox). Cube mapping allows for accurate and efficient rendering of high-

resolution images resulting in a more realistic and enhanced immersion experience (Dimitrijevic, 2016).  

Survey instrument 

To measure perceived restoration potential, we used one item survey with the statement ñI would be able 

to rest and recover my ability to focus in this environment.ò The response options ranged from 0 = 

strongly disagree to 10 = strongly agree. Previous research has found high correlation between single item 

and composite scale versions of restoration survey suggesting that it can be used to reliably measure 

restoration likelihood (Herzog, et al., 2003; Kuper, 2017a).  To provide relevant context for the ratings, 

participants were asked to read the following scenario before viewing the experimental stimuli: ñAs you 

experience different environments, imagine that it is midday and you are walking alone in a city like 

Raleigh. You are mentally tired from intense concentration at work and you are looking for somewhere to 

sit down and rest for a little while, before going back to workò (Nordh, et al., 2009). 
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Figure 3.6. Panoramic photos used in the IVE survey. 

Procedure 

In total, 100 undergraduate students participated in this study. The mean age among the participants was 

19.56 years (SD = 3.17); 51% were male (N = 51) and 70% were white (N = 70). Participantsô study 

background varied; 47% were from Parks Recreation and Tourism Management, 25% from Sport 
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Management and 28% from natural and social sciences. Participation in the study was voluntary, and 

those who volunteered were entered in a random drawing for one of the ten $25 gift cards to an online 

merchant.  

IVE survey was carried out in a controlled lab environment. Upon participantsô arrival, a researcher 

assisted them to don and adjust the head mounted device (HMD; Oculus CV1), and familiarized them 

with immersion experience and operating the joystick controller. Next, they experienced 24 randomly 

displayed IVEs with a 2 minute recess after the 12th scene. Participants experienced each IVE for 25 

seconds, following which, a semi-transparent dialogue box containing the survey item was displayed on 

the HMD. There was no time restriction for the response, and participants were encouraged to thoroughly 

explore the immersive environment and rate the statement whenever they are ready. Upon exiting the 

virtual reality application, survey responses were automatically saved. The entire experiment procedure 

was developed as a python script and executed in a virtual reality development software (World Vizard 

inc, version 5.4).   

Following the IVE survey, participants filled-out a brief pen-and-paper questionnaire recording their age, 

field of study, ethnicity, and familiarity with the landscapes they experienced. Total duration of each 

session was on average 40 minutes (range 37- 46). Data were collected over four weeks in March, 2016. 

The study protocol was approved by the universityôs Institutional Review Board.  

Data analysis 

To build the statistical model for estimating the RP, we applied a multiple regression analysis using the 

mean ratings of the 24 stimuli as dependent variable and the viewscape metrics as independent variables. 

We selected the best fittings model using a variable-selection procedure based on the minimization of the 

Akaïke Information Criterion value (AIC) for all possible combinations of variables. Collinearity between 

independent variables was assessed using the variable inflation factors and variables with tolerance of 

larger than 0.1 and the VIF smaller than 10 were excluded from the model, as suggested by Hair et al. 

(2009). The explanatory power of regression model is reported using adjusted coefficients of 

determination (R2adj) and the relative contribution of each variable to the model is reported using 

standardized regression coefficients. 

Mapping restorative potential  

RP map represents the estimated degree to which an observer located in each map unit perceives the 

entire 360 viewscape as restorative. To acquire this map, we parametrized the multiple regression formula 

(Equation 1.) with the selected predictors (viewscape metrics) and the coefficients derived from the 

regression model. Additionally, we developed series of maps for individual viewscape metrics (e.g., 
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extent, SDI, deciduous trees) for visual exploration of the viewscape characteristics, and their spatial 

relationship with restoration likelihood. All the maps were rescaled from 0-100 for easier comparison. 

ώ  ‍ ‍ ὼ  ‍ ὼ  ȣ  ‍ὼ          (1) 

                        

y = predicted restoration potential for viewpoint v  

x = viewscape metric       ɓ = regression coefficient of the x    

 

Results 

Restoration potential survey 

The mean RP values of the IVEs varied between 2.47 and 10.51 (Table 3.1). Very high values were 

assigned to those depicting greenways, lush vegetation and surrounded by mixed forests, large open 

spaces with grassy coverage, and rolling hills with dispersed deciduous specimen. IVEs depicting heavily 

built areas, parking lots, and infrastructure obtained the lowest values.  

Of the 29 explanatory variables tested, Horizontal, PD, Grass and Nump were excluded because they 

correlated with other variables (Pearson coefficient > 0.7; Table 3.2). Globally, the selection procedure 

led to the definition of a significant model for RP. Of the remaining variables 11 were selected for the 

model yielding an adjusted R2 of 0.72. All VIF values are less than 5, confirming the absence of 

collinearity among variables. From the compositional variables, Mixed forests, Deciduous trees, and 

Herbaceous plants are positively related to RP. On the contrary, the proportional presence of buildings 

and paved surfaces has a negative effect on RP. In regard to configuration variables, Extent, Viewdepth 

and Skyline showed positive effect on RP while Shannon diversity index (Land cover heterogeneity) had 

a small negative effect.  The size of coefficients related to the extent and proportional presence of mixed 

trees and are noteworthy compared to other coefficients, whose values never exceed 0.2. 
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Table 3. 1 Mean, standard deviation (SD) of participants ratings of restoration potential (N=100) for 24 

IVEs and their computed viewscape metrics 

 

Variables:Vdepth_var = view depth variation, SDI= shannon diversity index. 

*p < 0.05 , **p < 0.01, ***p < 0.001.             

Restorative potential map 

RP was estimated for all viewpoints by applying the regression model. The RP map indicates a number of 

hot spots with highest likelihood of restoration (Fig. 3.7). Those include the large grassy area in the South 

western portion of the site (locally known as the big field), greenway and hilly landscapes to on the 

Northern side, and lush areas in the north and north-west. Comparison of the restoration potential and 
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RP Viewscape metrics
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viewscape characteristic maps (Fig. 3.8) reveals that restoration hotspots emerge when there is an overlap 

of high extent, increased visible trees and natural land cover, as well as decreased land cover 

heterogeneity, and visible building. Conversely, cold spots are characterized by decreased visibility of 

vegetated features, and increased land cover diversity and presence of buildings and paved areas. The RP 

in these areas improves to near average with higher presence of visible vegetation. 

Landscape characteristics map revealed a number of patterns (Fig. 3.8). The extent map indicates that the 

largest landscape rooms are in the western side of the park. Also, except the south western part, most 

majority of the site has a fairly heterogeneous viewscape, especially in the middle part of the site where 

buildings, parking spaces, and green space intersect. The herbaceous cover is visible only in a small 

portion of the site, where as the deciduous trees have more dominant presence in the site. Viewdepth 

variation and Deciduous maps partially overlap indicating that dispersed arrangement of the trees have 

played a role in viewscape irregularity and relatedly variation of viewdepth. 

Table 3. 2 Results of the multiple linear regression analysis for the RP. 

    Variable   Coefficient   
Normalized 

coefficient 
  Student t 

    (Intercept)   3.59E+00        11.07 ***  

N = 100   Extent   1.90E-05   0.39   16.17 ***  

R2
adj =  0.72   Relief   -1.20E-01   -0.12   -6.06 ***  

P < 0.001   Depth   -1.27E-03   -0.34   -17.10 ***  

    Skyline   1.08E-01   0.12   6.25 ***  

    Vdepth_var   7.18E-02   0.27   12.18 ***  

    SDI   -3.82E-01   -0.14   -1.92 **  

    Building   -5.41E-02   -0.37   -5.38 ***  

    Paved   -6.14E-03   -0.03   -1.53 *  

    Mixed   1.07E-01   0.66   23.97 ***  

    Deciduous   8.13E-02   0.32   16.47 ***  

    Herbaceous   4.44E-02   0.27   20.30 ***  

Variables:Vdepth_var = view depth variation, SDI= shannon diversity index. 

*p < 0.05 , **p < 0.01, ***p < 0.001.             
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Figure 3.7. Perceived restoration potential map of the Dorothea Dix park, Raleigh, NC.   
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Figure 3.8. Viewscape characteristics of Dorothea Dix park, Raleigh, NC  

Discussion 

Methodological considerations 

Integrated approaches that combines objective and perception-based methods are effective approaches in 

that they reflect both landscape structure and human judgments (Daniel, 2001). However, they are 

primarily developed for landscape scale and cannot not be readily used to capture the heterogeneous and 

fine-grained structure and pattern of urban environments. To map restorative potential of urban 

environments, we proposed a GIS-based modeling approach, which combined an automated assessment 

of viewscapes from high-resolution spatial data with human perceptions assessed through immersive 

virtual environments. In a first step, the area seen from a viewpoint was computed based on a high-

resolution surface with improved vegetation representation. The visible area was intersected with land-

cover map, and viewscape configuration, expressed by landscape metrics and spatial analysis, were 

related to perceived restoration potential derived from an IVE survey through a regression analysis. 














































































































































