ABSTRACT

TABRIZIAN, PAYAM . IntegratingGeospatialComputation, Vftual Reality and Tangible Interactioto
ImproveLandscap®esign anResearch(Under the direction of DiPerverBaran and Dr. Ross
Meentemeyer)

Geospatial computation, visualization and user interaction technotagigsinsform the practice and
research oénvironmentatlesign to cope with the nesnvironmental and societatoblems at hand,
weaving across disdipes, bridging the sciencand aesthets; while introducing efficieny, flexibility,
legibility and interconnectivityln this dissertation, leverage these technologies to develop
methodologie$or enhaning research and design efivironmentsThese methodologies aimfarxilitate
more efficient and accurate analysis of landscape spatial and experiential (e.g., aesthetic, restorative
gualities) characteristics, aetabe intuitive interaction and immersiwasualization ofdesign

phenomena aoss spatial and temporal scal€ke first methodologgombinesautomatediiewscape
modeling geospatial analysis ofsible structure and patteiingvith human subjective evaluatiotts
guantify, modeland map landscape characteristics and experafiaadscaped-or more accurate and
granular analysis of landscape structure and pattern, | utitiherésolution surface models derived from
lidar dataandenhanced vegetationodeling is appliedTo better represent-situ conditions and capture
humanperceptions, | utilize photorealistic Immersive Virtual Environments (IVE} ealled Virtual
Reality (VR) or Immersive VR (IVE). | apply this method to model and map visual characteristics and
restorative qualities of an urban park. The second methgylfilouses on redime coupling of3D

modeling and renderingeospatiahnalysis and tangible interactioallowing users to design
environments using their hands, andeaktime, receivemaps and numeric feedbacks of spatial analysis,
andsee 3Dvisualizatiors rendered on a display or immersive head mounted dispWés this

technology designers, experts and publicaataboratively explore design alternatives through an
iterative process of ideation, geocomputational analysis, realisticriegderitical analysis, and aesthetic
exploration.The methodologies and software created as part of this dissertation can be used not only in
environmental desigandresearctbut also foteaching andjame developmenVhile the presented
casestudies e 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 mtaadscape<) Method for improving tree
obstruction in DSM, 3) Software for automated viewscape analysis and IVE survey;Mathdyl and

software for reatime 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 loogeespond to the problems at hand. The fields that
constitute urban studies todaylevelopment, design, community, and environ®edb not effectively

reflect the complexity of o d anpai problems. Neither do those that constitute architegtdesign,

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 toolsxandtricks.

An effective approach torbanlandscapglanningand desigmequire seamless integration of spatial and
experiential analysd&obster, et al., 2007; Kovacs, et al., 2006; Wang, et al., 206a¥ormer is

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

directly or otherwiser el at ed t o humansd phy s-bemd.Thaglatteigsds and psy
i mportant, if not more, as experience influences
public support for any landscape char{gey, et al., 2009; Gobster, et al., 2007; Wang, et al., 20Y%a)

are more likely tesupport and preserve landscapes in which we havéveosiperiences. 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, 20%6)far, with some limited

exceptions, the spatial and experiential dimensions have not been effectively integrated in landscape
design and resear¢@obster, et al., 2007; Wang, et al., 201@i)is partly stems from disparities that

exist between expertise domains (e.g., ecology vs. psychology), scale (larstsadapes. hunrascale),

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 intema¢echnologie® not only agools but also as

modes of operation and inquiéyarepushing the boundaries ofbanplanning and design in order to



deal with the new mblems at hand, weaving across disciplines anegdiplines, introducing speed,
flexibility, legibility and interconnectivity among the different aspects of the design domain. They can
also contribute to making our fields more flexibdechange and agéito the newsetsof problems as they

emerge.

With geospatial computaticlechnologieswec an preci sely model urban | and:
patterns, explore the réienship between urban landscape f@ndlits performance (e.g., biodiversity,

pollution remediationmobility, connectivityand visual impactsjcross temporal and spatial scales.

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

workflows forassasing not only the existing but also the emerging and propasddcapever the

years, environmental design fields have incredibly advanced to consider form, composition, and program
essential, to leave out technical issues and performance as cantingepredictable. The computational

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

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

environments (IVEs), we caretter understanand communicaté r e al wor | d exisengper i ence
landscapes agenerate photord@als t i ¢ fAwhat ¢changingdaodscape.rThegsesgdiieor a
environments can be flexibly programmed to implement interactions (e.g., walking) while collecting

subgctive (e.g., surveys) and objective (e.g., physiological sensors, atthekiag) response data. This

allows us to rigorously assess hexposure talifferentlandscapgatterrs and structurginfluence a

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

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

Advance ger interaction technologies, such as tangible user interfacéate mae engaging and
intuitive exploration of spatial data and visualization, and by doing so bridge the interdisciplinary and
knowledge dividesllowing designers, engineers, and public to collaboratively steer and @ébade

design scenarios.

Integratingthese emerging technologies enables researchers and designers to cross the disciplinary

divides between the research of human experience and the envirolratatds researchete

rigorously quantifyand assessrbanl ands capes 6 st raoddts experdencacpss spat@r manc e
and temporal leveld his integration alsallows designers televate sophistication and complexity into
aestheticsand to more efficienthaccess, understand, acmmmunicatehe complexity of theirban
landscapeEverything matters and we need to be able to absorb as much of the complexity of the world if

we are to effectively change it



In this dissertation, éxplore methodologies thattegrate geospatial computatidWEs, and tangible user
interfaceswith amsto (1) facilitate more efficient and accurate analysis of landscape spatial and
experiential (e.g., aesthetic, restorative qualities) characteristic&Jagrmhble intuitive interaction and
immersive visualization of design phenomena across spatiakanporal scale$Vhile the proposed
methodologies are applicable in other environmental design application and scales, the contextual focus
of this dissertation is sitecale mixed use urban environments (i.e., urban pdnkshapters 2 and 3, |

presat a methodology for modeling experiential qualities of urban environments through an integrated
approach that combines objective and percefiised landscape assessment approaches. | relate
geospatial analysis of visible landscape structure and péttewscape) with a survey of human

perceptions. To account for figgain urban structure, | propose a number of improvements in geospatial
analysis, and human perception elicitation techniques such as using$adiition surface models

derived fromlidar data, enhanced vegetation modeling, and using photoreiEscto elicit

perceptions. In chapter 2, | describe the workflow and implementation wietiscapanodel in GIS,

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

by comparing the model results with hedewloped ubj ect
viewscape analysimethod tgpredict and maperceived restoration potential of urbamvironments. |
investigate the ladscape structure and pattern indices that predict restoration potential and apply the

relationships to generate spatially explicit maps of restoration potential.

In chaptes 4 and 5, | present a methodology and software fortimal 3D rendering with gespatial

analysis and tangible interacticmfirst solution for generating ethefly realistic renderings of changing
geospatial data and simulations, informed by tangible interaction, and with live output fonbeaict:d

displays. The proposed approamdesTangible Landscapsystem(Petrasova, et al., 201&hich 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 conver
geospatial data and analysis to realistic 3D rendering, enabling traditionaley&views of

environments to be visualized at grotledel in virtual reality. Thigouplingallows landscape architects,

other professionals, and the public can collabeely 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 demonsitatiinctionality through an exploratory testse.
| 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, | demonstrate the systembs fun



interdisciplinary problem solving iwhich a landscape architect andemscientist use Tangible
Landscape to collaboratively design landforms, hydrologiesyst planting, and a trail network for a

brownfield site.

Chapter 5 provides a technical description of the methodology and its implementatioroassaftdvare

for Blender. | describe the software architecture, the coupling mechanism, and detailed workflow for
converting various types of geospatial data to 3@ 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 andn engineeinteract with the system to design a landscape.

In Chapter 6, | summaizthe findingsacross Chapters®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 oblidaces and
immersive virtuaknvironments
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manuscript.



Introduction

The vsual characteristics of landsca@@ei ncr easi ngly | inked to peopl eds
cognitive processd®©de, & Miller, 2011; Tveit, et al., 2006 haracteristics such as complexity,

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

of safety, perceived psychological wbking, and even mod@arton, et al., 2009; Hipp, et al., 2015;

Jansson, et al., 2013; Roe, et al., 200R)deling and gantifying these visual attributes as means to

identify and safeguard valued landscapesd t o assess publ i cbshastbeeact i ons
focus of both theoretical and applied resedfabbster, et al., 2007; Palmer, 2008pnceptual modeksf

landscape charact€rveit, et al., 2006have synthesized evidence from environmental psychology and
principles of landscape ecology to develop measurablesindicthat dexribe 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 \gible landcover, and shape complexity of the visible edges. These indicators can be
obtained by in situ observations and landscape phapbs(Arriaza, et al., 2004; Otero Pastor, et al.,

2007) or through GISnodeling(Cavailhes, et al., 2009; Sang, et al., 2008; Schirpke, et al.,. Z013)

former approach provides a wealth of information but is restrictdeeteurvey sitePalmer, &

Hoffman, 2001)On the contrary helatterapproachhat usesligital spatial datallowsfor calculation of

the visual characteristics for the entire study using autahpaibeedures andreating spatianaps of

visual characteristics and qualityowever, GlSbased measurements have limited correspondence with

visual landscape as viewed by the obsef@ale, et al., 2010; Sang, et al., 2008)

Viewshed analysis that ascertains visible areas of a surface from a given vantafgrabymt, & Mark,

2011; Wilson, et al., 2008; Zanon, 201&is beemsed as a way to link the G#alysiswith thevisible
landscap (Sang, 2016; Sang, et al., 2008; Schérpdt al., 2013)Earlier viewshed modelsaveutilized

digital terrain models (DTM) to produce binary visibility maps that represent visible and hidden areas of
landscape. With introduction &iflar technology \vewshed modelsaveincorporated detailed digital

surface models (DSM) that contain detailed elevation information about surface and above surface
features such as building structures and vegetdtmmlscap@assessment and urban planning research
combined viewshed mappscomputed using surfaces derived from lidar data or other sources of elevation
datad with other spatial data such as higisolution imagery, normalized difference vegetation index
(NDVI) (Vukomanovic, et al., 2018; Wilson, et al., 200&) classified landcover dat&ahraoui, Clauzel,

& Foltéte, 2018 . Ref er r ed nodelingiéVilsory, ét al. w20a8)his techniqueakesinto
accounthe compositions of visible landscapeluding proportionof visible vegetation, water, or

number of buildings. Recent research has extended the analysis of viewscapes by computing



configuration of visible landscape (e.g., pattern diversigpe 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 @016)daslel predicted

87% of variation in aestktic potential in mountainous areas in CentralsApile Saha o ui  @Q@16)al . 6 s

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

While viewscape models have baeoreasingly used to assess landscape characteristics across
continental, regional, and landscape scales, their applicatiomofibelingperceptions in urban

environments, particularly at the site scale, remiairgely unexploredin contrast to commonlstudied

biomes such as tundra, savannah, and flat pasture that involveluygvistas, and homogenous

landcover, urban landscapes involve variety of view ranges and spatial condlisbaped through
interaction of granular landform and heterogeneonddaver. Due to difficulties in accessibility and
processindidar data for large regions, current viewscape models often utilizedewlution DSM2r

DTMs with manually extruded vegetation patches and building footfi@atkraoui, Clauzel, et al.,

2016) This is in spite of the well documented influence of spatial data resolution on accuracy of visibility
analysis; K| &,etalk, 2015; Sang, et al., 2008; Vukomanovic, et al., 2618)r examp | e, Kl oul
al. (2015)showed that coars&SMs tend to overestimate visibility comparedih@ grainedidar DSMs,

and that these errors are more pronounced in smaller viewsheds.

Similar limitatiors 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 vietl ascuracyof landscape
metric analysisréviewed inBarry & Elith, 2006 Mo udr T & G3. Rublichgavailable lar@icover
data are often coarse (BD meters) and do not represent features smaller than their pixel size (e.g.,
buildings, sidewalks, single trees). Although advanced methods such asbalsiedtclassification or
pattern recognition exist to generate highly dethlandcovedatafrom satelliteimagery, incorporation

of such data in viewscape models has been Tareur knowledge he only existing attempt includéhe
study of Wilson et a]2008)that used a 2.4 meter NDVI (obtained from QuickBird iergyin

combination with a 1.5 meter DSM to compute visible greenness.

Another weltknown limitation oflidar-sourced DSMs is their deficiency to realistically represent non
surface vegetatio(seeFig. 21). Specifically,rasterbaseddSMsrepresentrees as solid protrusions that
entirely obscure the undeanopy and through canopy visibiligartie, et al., 2011; Murgoitio, et al.,
2017) This is a major source of error for visibility estimaspparticularly in situations when observer is
located within dense canopy (greenwags)in leafoff seasnwhen visibility through deciduous treés

computed Several technigques have been proposed to overcome this issue, such as visual permeability



concept that accounts for the probability of viewing a region as determined by the spatial density and
positian of tree model§Llobera, 2007)or trunk obstructiomodelingthat replaces the trees with an
approximated trunk modéMurgoitio, et al., 2017)While improvements imesolution of spatial data and
vegetation obstructiommodelinghave separately shown promiseesimhancinghe accuracy of visibility
analysis, to our knowledge they have not been used togethairniglestudy to generate a high fidelity

viewscape model

(b)

Figure 2.1. Representation of deciduous treetidar derived DSM (left) and birdiew imagery (right) in
leaf-off season

Evaluating whether and to what extent a viewscape mmodasureperceived visual characteristics, and

therefore whether the metrics and/or input data used are appropriate for the modeling purpose, requires
comparison of the model 0 u sgblantdscapd, d¢itther imsinmaoughs ubj e ct
landscapghotography and 3D simulatiarBecause ifsitu measurements are often ths@nsuming,

laborintensive and involve several confounding factors (e.g., changing weaéisegrch has widely

resorted to online or desktop surveys using photographs and 8tsims(Sahraoui, Youssoufi, et al.,

2016) Howevertheuse of digital stimulis being increasingly contested for their representation validity

that is the observeroés firesponse e qndiaphatbogephce 0 bet
representatiofPalmer, & Hoffman, 2001)The leastesponsequivalency has been reported for

photographs of heterogeneous landscapésnixed usaurban enviraments(Palmer, & Hoffman, 2001)

Another obstacle for verification of viewscape models is the discrepancy of view coverage between
perspective photgraphsand visibility analysisn GIS. Perspective phagoaphshave limited field of view

(FOV, 60 for standard 35 mm widangle lens) wite viewshed algorithms use 3dhe-of-sight

algorithms to calculate visibility for entire horizontal and vertle@V. Suggestions to partiallyddress

this issue include limiting the viewshed analysis to the image (BD&mstad, et al., 2006)apering the
photograph¢Sang, et al., 2008using multiple photographs, and using panoramic views with spherical
distortion(Sahraoui, Clauzel, et al., 2016)



Immersive virtual environments (IVEs) that immerse the observer in a virtual environment (VE) can
potentially minimize the gap between modelled viewscape asitiexperience of urban landscape. In

contrast to desktop displays where FOVs are limited, irsive displays (CAVERy or head mounted

di spl ays, HMD) provide continuous vVvisual feedback

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

IVEs with deskop displays heishown higher sense of immersi@ifronqvist, et al., 2016and presence,
i.e., the perception of physically being preserd monrphysical world(Slater, et al., 2009Also, IVEs
elicit improved spatial perceptions (e.g., distance, depth), speciallydiee complex scengKim, et al.,

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

visualization of open map daf@doltekin, et al., 2016yealtime 3D visualization of ecological
simulationg(Tabrizian, et al., 2016eodesigriDias, 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, welevelopand assessnovel multi-method approach for modelingsual characteristic of

a mixeduseurban environmentn urban parkVe use higkresolution DSM and landcover data retrieved
from lidar to account for fingrained structure and heterogeneous patittmban environmentdJsing a
trunk obstruction modelingechniquewe improve the vegetian visibility of the DSM. Based on the
improved spatial data, we compute compositiad configuration of viewscapesing automateIS

procedures. W conduct gerception surveysing IVE images captured from a set of locations across the

study areaFinally, we compare thenetrics derived from the viewscape model t h human subj ect

evaluations of IVE$0 assess the capacity of the model to predict visual characteristics. We specifically
focus on three visual characteristics, namely, visual accaaplexity and naturalness that have been
widely used to objectively estimate landscape visual quality and have shown strong links with human
psychological responses to environméditgper, 2017; Ode, et al., 2009; Ode, & Miller, 2011; Tveit, et
al., 2006)

Methods

Study area

Dorothea Dixurbanpark covers 306 acres (125lmive st er n si de of Ral ei gh,

7 8 6 3 9F/y. 2W); The landscape is characterizedunglulating topographgnd heterogeneous
landcover. Vegetation coverage varfiesn grassy meadows, herbaceous perennials, Eastern and
Loblolly pines, Willow and Red Eastern oaks, and a variety of landscaping trees and shrulbtafeg,
Dogwood, Memosa, Magnolia, and Sweetgum). fastpsychiatric hospitatampusthe siteincludes
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numerous buildigs (e.g.,closed hospitakkdministrative and maintenance buildings ,well aderelict
employee housing), and a network of paved roads. The study area therefore coariBdéndscape

types and spatial characteristics timatkes ti very relevant for our study

WN 0 500 1000 2000

Figure 2.2. Location of the study site

Viewscape modeling

Digital surfacemodel (DSM) and Laitover
To develop DSM and landcoverwsed three geospatial datasets including airborne hrddii spectral

orthoimagery of vegetation and a road and building.mbkiple returnlidar data wereacquiredon Jan
11, 2015 (leabff) with averagedensity of 2 pintsper nt and fundamental vertical accuracy (FVA) of
18.2 en. Two setsof orthoimagery wreused: @0 cm resolutiomrthoimagerycaptured in early 2015 in

leaf-off condition, and a 1 m resolution feband imagery captured in summer 2014 in-matondition.

DSM was developedy interpolating firsireturnlidar points at haHmeter resolution. We used a
regularized spline with tension algoritimplemented in GRASS GIS Mi t dHofier§, 1993)o
balance the smoothness and approximation accuracy of the siitiat@nd covemwas developed

through fusion of three layerEify. 23):

(1) Canopy leight model (CHM), obtained through filtering and interpolatidgr vegetation points.
We applied supervised classification metliBdiri & Morgenroth, 201 7)o strata of infrared
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imagery (NAIP) lidar vegetation maximum values, and Orthoimateglassify the CHM into
mixed forest, evergreen and decidutarsl coves.

(2) The ground cover consisted of grasslands, herbaceous, and unpaved,suhiabagere
manually,digitized these features over the 30 cm resolution orthoimagery.

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

vector line and polygon data.

The resultindgand covermaphad a 0.5 m resolution (Appendix A) and includedat®i coverclasses
categorized based on NLCD classification.

(b)

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 (thehalf meter resolution land cover.

Trunk obstruction modeling
To delineate vegetation structures that reglimgroved representation for visibility analysige

visually inspectedidar points and field images and identified three main structligsZ4): (1) Dense
evergreen patcheméinlyloblolly pines) with dense understory (mainly woody shrubs and vi(s)
Evergreen ovestory mixed with deciduous midstory (mainly r@@pleand sweetgum), and understory,
and(3) Dispersed deciduous specimepnsisted 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 undecanopy and througbanopy visibility in the leabff condition.

To overcome the visibility error of the deciduous canopies, we used trunk obstmcit@iingmethod
suggested by Murgoiti(®017)thathas been shown &gnificantlyimprove shorrange visibility
estimations. Thenethodinvolves delineatingndividual trees fromidar point cloud and substituting
them in DSM with their approximated trufkig. 25, a and h)To do this we delineated the individual
treetopdrom DSMusinggeomorphongJasiewicz& Stepinski, 20139 an algorihm that uses pattern

recognition principles to detect and class#gdforms on an elevation modéid. 25, a) Geomorphons

12



can accurately detect treetops of deciduous and coniferous stands within complex forest structures
(Antonello, et al., 2017)NVe extracted the summits from the classified landfaster mag0.5m

resolutbn) 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@luous trees in our study area had sinsilzes we
assumed a diameter of 1m for larger species (Oaks) and adien@ter for smaller species. Finaliiye
segmented trunks were replaced with the decidaanepies in DSMo acquire the improvesurfece
model(Fig. 25, b).

(a) (c)

Figure 24. Field images (top) and Lidar points (bottom) showing three vegetation structures: (a)
evergreen ovestory mixed with deciduous midstory and understorygdés)se evergreen patches
and under®ry; (c) dispersed deciduous specimen
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Figure 2.5. Trunk obstruction modeling process and results: (a) geomotphdform detection
results where the summits are shown in brofn),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.

Computingviewscape metrics
To obtain viewscape metricsguneasuredhe composition and configuration efewscapes computed

from 342 viewpoints (centroids of a 30 grid) across the study ar@éigure 6) Viewshed was computed
on the DSM at the eyevel (165 m), and considering maximum visibility range of 3000 meters. We
usedGRASS GIS viewshed function, which uses a computationally effiaigotithm (line sweeping
method) suitable for performing viewshed computation on atdgblution DSMHaverkort, et al.,

2009; Vukomanovic, et al., 2018)he algorithm calculatdse-of-sight for each cell and its intersections
with other cell®d assuming that two points are visible to each other if theirdfre@gght does not

intersect the elevation model.

Computed viewscape metrics consisted @fandsape composition and configuratiomicatorsthat

represent visualharacteristicand are previously shown to predict percepti@ahraoui, Clauzel, et al.,

2016) Composition metrics characterize the visual content of landscapes and quantify each visible feature
from the nine lanetover categorie€Sahraoui, Clauzel, et al., 2016; Uuemaa, et al., 20@9¢ompute
thesemetiics we intersectedhe viewshed mawith land cover and appliexzbnal statistic$o the obtained

visible land covemmap tocomputethe proportional contribution of eatdnd coverclass in the viewshed

(e.g., % deciduous, % buildings).

14



Configuration metids measurehe topologial structure of visible surfacas well as spatial arrangement
and relationship between differdanhd covertypes They includedotal area of viewscape (Extent),
Distance to farthest visible feature (Deptlevation variabilityof visible ground surface (Religf)
Elevation variability of visibleaboveground features (Skylin&jze of visible gound surface
(Horizontal),Variability of depth (VdepthVar)Number ofpatches (NUMP)Shape comlexity of

patches (MSI and ED), Size patches (PS), Density of patches (PD), badd type diversity measured
as Shannonos diDepthasd EBxtgnt were doenputed di-dztly from the binary viewshed
map(visible or nonvisible). Tocompue Horizontal, Relief and Skylinéhe viewsied map was
intersected with a barearthdigital elevation mode{DEM) and DSMto develop separate maps of
ground (horizontal viewshed) and aboveground (vertical viewshed) visibégpectively Therest of
variablesNump, MSI, ED, PS, PD, and SDi)ere measured using landscape structure andbisis
called landscape metricd=ormoredetailed definition, measuremeantd computationf landscape
metrics see Appendix Bhe entire GIS analysis and automation workflow pagormedvia a python

scriptimplemented in GRASS GIS.

1 % mixed forest !
s | % buildings
zonal statistics >i % paved roads i
' % grass

Composition metrics

oy . | PD
) “z\‘ landscape metrics > o=
I Nump
. - | ED
horizontal visible surface ' Msi

' PD

univariate statistics Y} | Horizontal
! Relief

-

vertical visible surface Configuration metrics

Figure 2.6. Procedure for computing binary viewsHhed 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 assessedidvescape metricasing two selection

criteria: (1) the visual attributes of the selected viewpoints should approximatelyenepiterange of

values ofthe 342viewpoints; and (2) viewpoints be at least two grid cd®¥() apart to ensure that they
spatially represent the study area. A selection of 24 points satisfied these criteria and were considered for
acquiringphotograph (See AypendixB for the descriptive statistics of viewscape metrics, Rigd 28

for the panoramic photographs of the selected points)

Viewpoints were located using a handheld GPS device (Trimble moel&d, dfy accuracy). At each
location we took ararray of 54 (X 6) photographs, at the elevel (1.65 cm), using a Canon Eos 70D
camerdixed on a robotic mount (Gigapan Epic Pag. 2.78). All photographs were taken over four
days in Feb 2017, isimilar weather and lighting conditions. We stitchibd images to acquire a 25
Megapixels panoramic image with spherical projection, i.e., equirectangular (Figg2.7b). Through a
process known as cube mapp{gmitrijevic, 2016, each equirectangular image was unfolded into six
cube facegFig. 2.7c). In virtual reality software, these face®wrapped as a cubic environment around

the viewer (i.e., skybgxFig. 27d).

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

study. The mean age among the participants was 19.56 years (SD = B4 Wefe male (N =51) and

70 % were white (N = 70). Participants6é study backg
tourism management, 25% from spodnagement 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 measusaty 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 en»lppharisofit refe
this environment without havi (Hgrzog, &Wnopsoott, 2004) bl oc ke d
The response options ranged from 0 = not at all to 10 = very easy. Natuddfiesd as the extent to

which landscape is close to a perceived natural @Datenstadet al., 2006; Ode, et al., 2008as

measured by a single item AHow nat uipantscatbavithPou per
= not natural 10 = very naturgMarselle, et al., 2016Jor perceived complexityarticipants responded

to the statement fAHow cnomepnlte?x fy-pouk sqadefr=caet alallel0t hi s e
= very complex (Lindal and Hartig, 2013) .

The IVE survey was carriedoutn a controll ed | ab environment. Upo
assisted them to don and adjust HMD (Oculus CV1), practice rotating around, and interacting with the

joystick controller. To familiarize participants with experience of immersiahrasponding to eacreen

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 phaseaeh respondent experienced 24 randomly displayed IVEs wittiaite

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 fomrasimgndomly 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 £1) reported a sense of fatigue, boredom and confusion after responding

to multiple survey itemdor eachimmersive scene.

Participants experienced each scene for 25 seconds, after which;teassparent dialogue box
containing the survey item was displayed on the HMD. There was no time limitation in the response
phase allowing respalents 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 developofemare(WorldViz Inc,
Version 5.3.

Following the experimental session, participants fitbed a brief perandpaper survey including
guestions about age, field of study, ethnicity, and familiarity with the landscapes they experienced. Total
duraton of each session was on average 40 minutes (rang®)3'Data were collected over four weeks

in March 2016. The study protocol was approved by

Viewscape model assessment
We used multiple linear regressiamadysis to test the capacity of thiewscape modéb predicteach of

the three perceived measures (visual access, nassaklsnd perceived complexiti) stepwise variable
selection based on the minimization of the Akaike Information Criterion (AlG)apalied 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 variablewith strong multicollinearity based on the correlation matrix among all factors
(see Appendix £ Additionally, fa each of the regression models diagnosed collinearity using the
variance inflation factor (VIF) to include variables with tolerance @dathan 0.1 and VIF smaller than

10, as suggested by Hair et@009) The prediction power of regression modeisreported using

adjusted coefficients of determinatior?{ig, andtherelative contibution of each variable to the model
reported using standardized regression coeffici@rable2.1).

Results

The mean valuesf perceived visual access IMEs varied betweerd.85and10.62(Table2.2). Very

high values were assignedviewscapewith long vistasand large viewshed areas (scenes 21,,drl)
viewscapes enclosed by forests, hills, and buildings (scenes 10,abtdiBed the lowest valueBhe

selected regression model for perceived visual access included 11 variables and prodijcstedn
coefficient of determinatio(R?.q) of 0.65, P <0.00{Table 2.}. Extent had thetrongespositive

contribution to the modgefollowed byViewdepth_var and 8pth.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. Anong 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 h6&10.31 (Table2.2). Viewscaps 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 varldes, the regression model explaifido of varation in Perceived naturalness
(R?%qj= .62, P <0.00L The majority of variation was explained by compositional metGcasscoverage
had the highest positive correlation with perceived naturalness, éalby Mixed Herbaceous and
Deciduous coverage. An inverse significant correlation was fourBluittings. From theconfiguration

metrics,Relief and NJMP had positivecontribution, and MSI had negative contribution to the model.

Perceptions of complexityaried from 2.29 to 9.9. The lowest values were assigned to viewscapes with
lowest SDI écened and10), whereas those with highest SDI were perceived as highly complexaWith
selection ofevervisual attributeshe model explained 42 percent of vari@on in perceived complexity
(R?%qj= .62, P <0.001)Most of the contribution came from configuration variables (Taldlg Among

those, NUMP had the highest positive impact, followed®®I| and ED. Relief and Skylidemeasures of
terrain and abov&erran vertical variabilityy both positively affected perceived complexity, while Depth
had a negative correlatioRrom the composition metricselative Building coveragevasthe only and the
most positivelycorrelatedvariablewith perceived complexity.

Discussion

The purpose of thistudywas todevelop and asseasiovelmulti-method approach for modeling

viewscapes fomixed usedirban environment§Ve utilized highresolution spatial data and improved
vegetation modeling method develop a viewscapmodelaccouning for granularity and heterogeneity

of mixed use urban environments. Usingt man s ubj ect 0 stakewvfomheatudy asea,s o f
we assessed the capacity of the viewscape nogeédict three visual characteristics, namely visual
access, naturalness, and complexiyr resultsshow thatith our proposedapproach, viewscape models

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

relationshig between landscammnfiguration andompositionrandexamined perceptions

20



Table 21. Multiple linear regression models for the thkesual charactristicgperceived visual
access, perceived naturalness, and perceived complexity

. - Normalized Student
Group Variable Coefficient - ToleranceVIF
coefficient t

Perceived Visual access

(Intercept)  7.120 7.11 Frx

N =32 Extent 0.000 0.39 6.74 014 7.151

RPaq= 0.65 Depth 0.001 0.11 294  ** 0333 3.003

P <0.001 Skyline -0.176 -0.143 276 ** 0173 5.765
Relief -0.158 -0.119 -2.85 ** 0.27 3.699
Vdepth_var 0.077 0.215 3.94 *** 0 0.157 6.362
Building -0.180 -0.414 -7.61 ***0.159 6.279
Paved 0.026 0.106 221 * 0.201 4.966
Decidous 0.058 0.173 4.65 ***0.338 2.962
Herbacous -0.044 -0.2 -6.87  *** 0551 1.815
NUMP 19.200 0.164 3.17 *»* 0175 5.722
ED 0.000 -0.39 -7.33  *** 0.163 6.119

Perceived Naturalness

N=34 (Intercept) 2.441 3.25 *x

Rzadj = 0.62 Relief 0.157 0.128 3.88 %0471 2.122
Decidous 0.057 0.187 6.30 ***0.582 1.718
Mixed 0.074 0.37 9.07 *** 0311 321
Evergreen -0.13 -0.13 436 s 0537  1.861
Herbacous 0.067 0.335 8.26 *** 0315 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 =347  *r*

P <0.001 Relief 0.152 0.13 2.58 *»* 0.549 1.822

Rzadj = 042 Depth -0.001 -0.138 -295 **  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 **x 0442 2.26
ED 0.001 0.142 3.36 ***0.367 2.726
NUMP 0.001 0.378 5.93 *** 0,123 8.101

Variables: Vdepth_var= view depth variation, NUMP = patch number, ED = edge density, MSI= mean shape index
SDI= shannon diversity index.
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Table 2.2. Mean and standard deviation (SD) of participants ratings of perceived visual access
(N =32), perceived naturalness €N34) and perceived complexity (8 34) of the 24
viewscapes used in the survey

Perceived Perceived Perceived
Visual access Naturalness Complexity
Viewscape Mean SD Mean SD Mean SD
1 2.21 151 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 8.59 191 7.72 1.17 7.18 2.68
7 8.94 2.04 7.78 1.95 6.74 231
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, viewscapmodels 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 amomparabldo those in a similar analysis by Schirpkeal. (2013) an&ahraoui et al.
(2019 that estimated perceptions of mountaegions and urbarural fringes, respectively using

viewscapes.

Regardinghe 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 withirextantstudies
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indicating that the observero6s distance between t
space (extent) have strong influence on perceived visual detezeg, & Kropscott, 2004; Stamps,

2010; Tveit, 2009)Depth variationi the spatial variation of the view deg®ahraoui, Clauzel, et al.,

2016y al so showed positive impact on perceived acces
perceptual r o o ms ia detenmmants af visua acoegseas foun@bgini2009. 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 (poodshg) obscuring
elementsindeed, in leabff season deciduous forests allow for more visibility through the branches

compared to evergraeand mixed forests. Similarly, horizontal surfaoesupy a smaller proportion of

the visible landscape unlike buihdjs, 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 herbacelaunsl cover, which is consistent with what is gerignra&ported in literature.

In contrast to previous studies that combined all forest typologies as a single forest lar{D@vstad,

et al., 1996; Sahraoui, Clauzel, et al., 2016; Schirpke, et al.,,28¢6)poration of finegrained land

cover enabled our model to discriminate betwesadttypes and revealed perception differtes among

them. Mixed forestsonsisting of more than two stand types and abundantly covered by mosses and
lichens, were perceived as more natural than the deciduous and evepgreierens, whicparallels

previous studies suggesting that less maintaamedvaried representation of vegetation positively impact
perceived naturalne¢®de, et al., 2009; Tveit, et al., 2008)s0, as expectednanmade elements, such

as residential or administrative buildings, had a negative effect in naturalness judyieeatso found

strong impact of relief indicating thaiewscapes with higher vertical variationragged terrainsvere

perceived as moreatural.Although positive contributionf 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, montrary to our expectations tiiregard to the literature on landscape visuatatteristic{Tveit,

et al., 2006)shape index and numbefrvisible patchesad 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 edffgell, 2001; Ode, et al., 200and landscapes consisting of small, fragmented
patches mape interpreted as less natyr@dmpared to those with one large woodland patch. We

speculate that in case of metrissich as mean shape and edge index, viewshedduce geometry

artifacts. In other wordsnean shape inde¥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 beimjevant to naturalnesshis is further exacerbated by tlragmented area
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and A praducedsbwiewshed analysis.

Turning to the perceived complexity modalnd coveheterogeneity§DI), edge densit{ED) and
number of visible patchddlUMP) had ¢rongest impact, confirming what is generally repoited
environmental psychologyriented worksuggesting thatumber (richness) and /or diversity
(arrangement) ofisible landscape have strong influence on perceived complexity and aesthetic
preference¢Berlyne, 1974; Kapla & Kaplan, 1989; Stamps, 2008revious studies using landscape
metricsto compute complexity, generally assumed landscape as a planimetric surface and focused on
horizontal (land covefeterogeneityWe dissected the viewscape isierface and above surface
elements to computavo vertical heterogeneity factorglief and skyline variability features thaplay a
key role in human perception and preferen@ag results indicate a positive impact of relief on
complexitysuggestinghat participants perceived rolling terrains more complex than flat Skge
variability was omitted from all thre@sual characteristimodels due to strong collinearity with relief in
our study area. This variable deserves further exploratidmreag=ials the complexity of horizon such as
its smoothness and the number of times the horizon is hrokeéch are shown to impact perceived

complexity

Complexity of the view, as represented by elemdrdsibuted in panoramic image, magt bereadily
transferable tepatialdistributon of these elementssc r oss a | andscapeb6s surface.
represented i@D spatial dat¢Ode, et al., 2010As such, images may convey additional information
such ashape and color of buildings, presence of car and peoplefragtal dimension of tree branches
all can influenceerceivedccomplexity To supplement this studig would be instructive téurthertest
thevalidity of viewscape models by using imalgased analysis complexity suchadtentionbased
entropy measurgg.g, Rosenholtz & Nakano, 2007), object counts (é=girbairn, 2006; Harrie &
Stigmar, 2010), image compressalgorithms(Palumbo, et al., 2014)andscape metrics analysis
(Stamps, 2003)and fractal dimensiofHagerhall, et al., 2008; Stamps, 2003; Taylor, et al., 2005)
should bealsoobservedhat a single survey item for complexityight have not reliably captured
perception of complexityComplexity is an intricate and muféceted notion and different participants
may have interpreted differently (Schnur, et al., 2018Recommendation for future analysis include
using multipleitem suney, or if not applichle, briefingparticipants with alistinctdefinition of

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

Methodological contributions and consideration
We wsedtree delineation and trunk modelit@leveragevegetatiorstructural datgheight and stem

position)derived fromlidar as obstructions ithevisibility 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 effedtve in leafoff season where canopmas small impact on visibilityyhereas in leabn season it

may lead to oveestimation of visibility. Also, wassumed a binary occlusion systenwirnich trees
eithercompletely obstructisibility or not at all wheres 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 (voxelbased) 3D visibility model@Chmielewski, & Tompalski, 201®r calculating vsion
attenuatiorbased on foliage density andasonal variatiomay be preferre(Bartie, et al., 2011)These
techniques however, may pose challenges due to prohibitive computing time and limited integration with
GIS analysigOde, et al., 2010Another point worth mentioning is that we assumed similar trunk
diameters for all the decimated treegagi 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 undecanopy visibility, especially when the viewpoint is near the trunk.eMmwecise

estimation of the trunk can be achieved using tree diameter at breast height (DBH) metric calculated from
height(derived from lidar pointand species growth coefficier{tdurgoitio, et al., 2017)

An additional contribubn of this work includes a novel method for model assessment thigkgh

technology Employing IVE images allowed us to capture and dispiayentire FOV, therebgddressing

the concerns regarding the amsistencyof perspective photograpli®de, et al., 2010)ith viewshed

cowerage,ad corr espormddruone eppnetoni &eliovete 2003)However,
photograph based IVEsr e st atic and | imit particippand 6s navi ¢
mayinclude contents that are nzaptured in thepatial data (e.g., people and cars). Alternativaily,

simulations and game environments theerate landscape views frg@ospatial data can be used to

achieve higher control over the scene content and implement enhanced interagtj@ii®i@ng user

controlled walkthroughs) However it can be argued that photorealistic panoraasaa coseffective

and easy, yet highly realistic method to capture viewscaes up against the problemlofv ecological

validity, and higheproduction effortof 3D simulations

Limitations and future work
We shouldemphasize the need for consideration of numtailed and caseslevantand cover

classification Existingclassifications are overly broad and distinguish only between a few forest type
(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 interpreandscape componergemantically asignng meanings to them based on their use and
cultural, spiritual and historical significan@@almer, 2004; Sahraoui, Clauzel, et al., 20E&pmples

include presence of attractive, historic or landmark buildings, blooming trees, ornamental and exotic
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vegetatbn, and attributes such as maintained and unmaintained vegetation. These indicators are linked to
aesthetic preferences, or important visual characteristics such as imagability and ste\i@od#shbiyal.,

2009) Thus, a possible avenueitoprove explanatory powerf viewscape models can be usagore

granular classification aligned with indicat@sablished in environmental psychology dadscape

visual characteliterature.

We should nte 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 thusftrenation 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 hazontal 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 basedbpoinse on the experience of the place

as a fAwholedo, we cannot make strong inferences of
perceptions and whether participants received the same information from each scene. In thig respect

would be intereshg toexaminewhether the viewingp at t er ns pl ay a part in resp
immersive scenes and explore specific contribution of certain perspectives or certain landscape elements

on perceptionsThis can be achieved by leveraging the abilityad d er n HMDs t hat recor d
orientation and eyemovement in realime, allowing forestablishing the links between viewing behavior,

viewscape characteristics, and perceptions.

Finally, we can note thaiur relatively smalparticipant numbecoud havereducedhe reliability of the
models compared to prevalently used online surveys with substantial sampléosieer, we argue that
our sample was a good tradeoff betweendhkanced realisiwf IVEs and experimental control, atite
statisticalrobustnessf the modelsAlso, & a common limitation of perception studies, our results may
have been affected Ipersonal and socicultural differencesetween participants such as familiarity
with the landscape amlace theygrew up(Collado, et al., 2016; Keane, 1991@vel d expertise
(Sahraoui, Clauzel, et al., 201@nd valueshat they ascribe to the landscgpang, et al., 2015)
Nevertheless, sindandscape variations areported to havenuch greateinfluence tharthe variatiors
bet ween o feerceqSahirpkeset atl,i2Gl) we dondt expect them to hi
on our resultsin cases wherendividual and cultural differences are of intergggtests such as nature
connectednessitings(Mayer, & A, 2005) familiarity (Keane, 199Q)and demographiaformation can

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

differentcohorts (e.g., experts mson-experts, local vaehon-local), as shown bfSahraoui, Clauzel, et al.,

26



2016)

Conclusion

This studydemonstratethat viewscapanalysis based on higlsolution spatial data and improved
vegetation model can be an effective methogluantify the composition and configuration of visible
landscape, and to estimate perceived characteristics and qualitiesugbark environmentdVe also
demonstrated that photorealistic IVEs could be used as a viable method to represent and gather huma
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
includingrefining spatial metricausingamoregratuar | and cover, gquantifying
pattern of immersive scenes, and factoring individual differences into the.mdukd our results are
particular to a context of urbgrarkarea, we argue that oworkflow could be relicatedin other uban
andlandscape contextgith a step of calibration through conductiMi survey. Our suggested method

can benefit several applications. Firanydiscape designers and planners can use viewscape model as a
way to develop spatially explicit maps of aedit 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 cuiysédeceervices 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 advis®hird, studies focused on visual impact assessments of infrastructure
(e.g., wind turbines, and highwayaill similarly benefit from improved modeling of vegetation and built
featuresFinally, landscape perception research can benefit from our appmiasiestigate subtle
relationships between landscape elements and their configuration, and specific psychological outcomes
such as attention restoration or stresguction.As the impact oévery day encounters with urban
environment®n humanpsychologcal and physiological welbeing become more and mapparent
moresystemati@and finegrainedunderstanding of therbanl and s c a p e 6 s and éxperieacet er i st i

can serve as a valuable additiordézisioamaking toos for landscape and urban plangi
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CHAPTER 3

Modeling restorative viewscapes s pat i al mapping of wurban Landscap
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 recogni zed a-beingAlopak,ietcalt,2044 of peop
Lawson, 2012; Roe, & Aspinall, 2011; Townsend, & Weerasuriya, 2010; Triglasoet al., 2015;an

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

2010) and a major component of cultural ecosystem ser(®asraoui, Clauzel, et al., 2018§Yell-
established theories in environment al psychol ogy
influence human cognitive and affective states. Ahsthe biophilia hypothes{Kellert, & Wilson,

1995; Raley, et al., 2014; Ulrich, 1998scribes the impact of exposure to natural features on

psychological welbeing and affective states, while attention restoration theory (ART) points to the

environmental characteristics that promote recovery of ataitresourceéBerman, et al., 2008)

There are two main approaches for assessingdapdsxperiential qualitfpaniel, 2001; Vouligny, et
al.,2009) The first, so called fisubjectived or fAperce,]
through t he A e(kothiarg 1999kard eclieb an individdakperdeptions. The goal is usually
to assess how an individual perceivesetgf 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,
lands@pe photographs are used as a proxy faitinexperiencéDramstad, et al., 2006; Ode, & Miller,
2011) More recently, advanced visualization techniques suchragiigive virtual environment (IVES)

are used to study landscape prefereiBesth, 2015) The perceptive approaches are advantageous in
that they relate subjective aesthetic values to specific features of lamslscapstablish gearalizable
empirical evidence. Theyowever, have limited potential for spatial modeling of perceptions for a

specific context, and for developing decision support tools for landscape pléBomipke, et al., 2016)

The ®cond 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 thdaas components of the landscape and capturing
them in the form of variables describing the landscape content, shapes, colors, diversity, texture,
harmony, and coheren¢8chirpke, et al., 2016The assessment may be based on a field auditggtihro
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 advantagmaxperbased 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

|l andscape assessment. Viewscape are the portions
domain(Wilson, etal.,2008) Vi ewscapes extend the typical defini
delineating what is fAvisible or noto to Awhat is

with their 3dimentianal surroundingVukomanovic, et al., 2017; Wilson, et al., 2008)ewscape
analysis usually invols computing visible portions of a landscape on a digital surface model from
multiple vantage points using lire#-sight method, combining these maps with landscape pattern, and
performing spatial analysis to derive multiple metrics related to compoaitonfiguration of visible
landscapéSahraoui, 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
andobjective approachdSahraoui, Youssoufi, et al., 2016;Hpke, et al., 2013, 2016y relating

human perceptions with landscape structure and pattern metrics derived from viewscape analysis. The
acquired relationships can theaextrapolated 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 A@chirpke, et al., 2016)o French rural aregSahraoui, Clauzel, et

al., 2016) and to Dutch agricultural landsca®sn 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 othereexj¢factors such as perceived

restoration potential. Moreover, because the existing madetsimarily developed for regional and

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

environments, especially red-used spaces such as urban green spaces that havgaiinmesl 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 serviceg(rigtions in the urban heat

island effect, habitat for a range of species, flood redudti@s, 2016) and peopl eds physic
psychological wll-being(Honold, et al., 2015; Nordh, et al., 2011, 2009; Nordh, & dstby, 2013)

To estimate restoration potential (RP) of urban green spaces, an efficient spatially explicit assessment
method that accounts for the implications of fgreined structure and heterogeneous pattern on
viewscape properties and, at the same time, ensures the high reliability of peroapidrassessments is

still lacking. To fill this gap, we develop a model for restoration potential of urban landscapes tiv@ug
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following steps. First, we compute the composition and configuration of viewscapes (viewscape metrics)
through GIS analysis of higlesolution data derived from light detection and ranging technolialgy)(
Second, we obtaiRPratingsfor a numbepf 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 viewfmoilegelopa spatial

model of RP for the entire study area.

Methodology

Study area
Historic site of Dorothea Difark covers 306 acres (125 ha) of western side of Raleigh, North Carolina

(35646 A N, .31p ¥Yeydaahion Woyerafei varies from grassyadows, 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 Sweetglingse species form three dominant

structures includingehse evareenforestscomposed ofoblolly pinesanddense understoyynixed

forest patches consisting of evergreen etery,deciduous midstoryand dspersed deciduous specimen
consisted of large Willow and Northern red oaks, maples and landscapingrige8s3). Replacinga
psychiatric hospital, the sildsohouses 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

Viewscapeanalysis
Spatial data
a. Digital surface model

0

500 1000 2000

To generate a detailed model of tivean surfaceve usedidar (light detection and ranging) remote

sensing technology.idargenerateslense3 D poi nt ¢l ouds of the earthos s

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

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

resolution( KI oul ek, et

al ., 2015) and bar .aNVedavapedad

half meter resolution DSM (Fi@.2) by interpolating multiple returldar points using a spline with

tension algorithnf Mi t 8 go v §

& .HDarfidar datakexescarin@d9In3a ingle flight on Jan 11,
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2015 (leafoff) with point density of 2 p/fand fundamental vertical accuracy (FVA) of 18.2 centimeters.

Figure 3.2. Digital surfacemodelinterpolated fronlidar points

Vegetation plaga key role in shaping perceptions of urban environments and thus their realistic
modeling is important. Unfortunately, surfaces derived from airbiadaecannot realisticallyepresent

trees structure@Bartie, et al., 2011; Murgoitio, et al., 201d)e to the fact th&IS maps are univariate

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

As a result, trees are represented as solid blockad#sding from the groun¢Fig 3. b). This isa major
source of ewr for estimatingvisibility, particularly in situations when observelasated within dense
canopy (e.g., greenways), in leafoff seasorwhen visibilitythrough deciduous tre@se concerned o
overcome tts error, we usedrunk obstruction modelingroposed byurgoitio et al.(2017) The

workflow involves delineatingree stem$rom lidar points, and substituting them in the DSM with their
approximated trunkFig. 33c). Through this process we obtained a surface wherein deciduous trees are
represented as trunkand 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 theexisting site condition and location of a tentative obserta¢i3D view showing viewshedap
computed based dhe DSM before and @ftertrunk modeling for deciduous trees

b. Land cover

A detailedland cveris essential for discrimination of firgrained urban patterige.g, buildings, single
trees, sidewalksPublicly availabldandcover data are coarse arehnot sufficiently represefaatures
smaller than their pixel siZd0-30 meters)Therefore, waleveloped a detailed land cover through
combining the following layers: d)egetation acquired from classifiedar points(Fig 3.4a), 2) ground
cover (e.g.grasslands, herbaceous, and unpaved sujfdiggtized from a higkresolution areal imagery
(Fig 3.4b), and 3) building footprints and roadsrievedfrom publicly availablevectordata(Fig 3.4c).
The resulting map had a hafeter resolution and was classified into seven categories based on the
patterns that werelentifiedin literature as tdikely affectlandscape perceptions (RBgid, e)
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Figure 3.9. Process of generating the lancover through fusion did@)vegetation, (b) digitized
ground cover, (c) buildings and roads from vector da)aarid (e) show the hatheter resolution
landcover.

Computing viewscape metrics

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

previously foundo 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 (Depthatelawariability ofvisible 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 fopatches (PS), density of patches (PD), andtavérd i ver sity measured as
diversity index (SDI).
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In the first step, we overlaid a 5 sguare grid on the study area and considered the center of each square
as a viewpoint. The points that fellitside the site boundary and within inaccessible aedisuildings

were excludedresulting in total 39821 viewpointsFor each viewpoint, theiewshedmapwere
computedbased on the DSMsing an eye level of 85 m and maximum viewing distance of k8,
corresponding to the furthest elements (downtown buildings) that were visible in our stu(figrea

3.53). Viewshedmapwascreatedusinga computationally efficient linesweeping algorithnjHaverkort,

et al., 2009)We intersected the viewshed map with land covertitain the visible land cover (Fig5b).
Additionally, the viewshed map was intersectédth the DEM to create separate maps for the ground and
above ground visibilityFig. 3.5¢, 3.5d).

For each viewpoint, composition metrics weaenputed through quantifying the area of pixels related to
each categgrfrom the visible land coveExtent 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 landscapeamsysts
(Porta ad Spano, 2014 he process of viewshed computation amgtricscalculationwereautomated

for all viewpointsusing a GlSbased model written in Python 2.7 (Python Software Foundation, NH,
USA) and executed in GRASS GIS softwéKeteler, et al., 2().
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Figure 3.5. 3D representation of maps generated in the process of viewscape analysis: (a)
viewshed binary map, (b) visible landcover, (c) visiifeund (relief)and (d) visibleabove
ground §kyline).
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Restoration potential survey

Stimuli
Restoration potential (RP) was evaluated through dkded survey of immersive virtual environments

(IVEs) developed from photographs taken from the study Reeent research has noted the advantages

of using photorealistic IVEs over conventional meth(g., 2D images) includinigigher representation
validity (i.e., observerdéds firesponse equivalencebo
photographic representation), higher degree of realism and immersion, and increased experimental control
(Blascovich, et al., 2002; Smith, 2015; Tabrizian, et al., 204/8)included a corpus of IVEs that

represent the variation landscape characteristics of the study dreage acquisition locationsere

determined baseah the followingcriteria (1) the variation ofriewscapemetrics of the selected
viewpointsshould epresent that fahe entirestudy areaand (2) viewpoints should lzleast 50 meters

apart to ensure that they spatially represent the study arekecfisgeof 24 points satisfied these criteria

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

metrics, and Fig3.6 for the panoramic phopoapls of the selected points).

All photographlocationswere geereferenced in the field with handheld>5PSdevice At eachlocation

we took an array of 54 (9 X 6) photographs, at theleyel (1.65 cm), using a Canon Eos 7€nera

fixed on a robotic mouniTo make sure that the stimuli content is compatibte the spatial data/la
photographs were takémwinter (Feb) 201 0ver four days, in identical weather and lighting conditions.
Thephotgrapts were stitchedo createa 25 Megapixel panoramic image with spherical projection, i.e.,
equirectangular imagé&hen, trough a process known as cube mapping, each equirectangular image was
unfolded into six cube faces. In virtual reality software, these faces are wiappeadibic 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 expébienitgevic, 2016)

Survey instrument
To measure perceived restoration potential, we asedtem survey with the stateméihtwould be able

to rest and recover my ability to focus in this environndehihe response options ranged frorx 0

strongly disagree to 10 = strongly agrBeevious research has found high correlation between single item
and composite scale versions of restoration survey suggesting thabéusead to reliably measure
restoratiorlikelihood (Herzog, et al., 2003; Kuper, 2017dj)o provide relevant context for the ratings,
participants were asked to read the following scenario befevgng the experimental stimuliAsiyou
experience different environments, imagine thit ihidday 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 woNdrdh, et al., 2000
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Figure 3.6. Panoramic photos used in the IVE survey.

Procedure
In total, 100 undergraduate students participated in this stl@ymean age among the participants was

19.56 years§D= 3.17); 3% were maleN = 51) and70% were whitefl=70).Par t i ci pant sdé st u

background varied; 47% were from Parks Recreatiorifandsm 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 oneteh®25 gift cards to an online

merchant.

IVE survey was carriedout n a controlled | ab environment. Upon
assised them to don and adjust the head moudexice HMD; Oculus CV1)and familiarized them

with immersion experience and operating the joystick controllext, Nieeyexperienced 24 randomly

displayed IVEs with a 2 minute recess after the sc®ne. Brticipans experienced each IVE for 25
secondsfollowing which, a semtransparent dialogue box containing the survey item was displayed on

the HMD. There was a time restriction for the response, and participants were encourateddoghly

explore the immersive environment and rate the statement whenever they are ready. Upon exiting the
virtual reality applicationsurveyresponses ereautomatically saved.Fe entire experiment procedure

was developed as a python script and executadintual reality development softwa(@/orld Vizard

inc, version 5.4)

Following the IVE survey, participants filleeout a brief perandpaperquestionnaireecordingtheir age,
field of study, ethnicity, and familiarity with the landscapes they experienced. Total duration of each
session was on average 40 minutes (rangd®7Data were collected over four weeks in March, 2016.

The study protocol was approved by theursvert y6s | nsti tuti onal Review BoO:

Data analysis

To build the statistical model for estimating fRE, we applied a multiple regression analysis using the
meanratingsof the24 stimuliasdependentariableand the viewscape metrias independemariables.

We selected the befittings modelusing a variableelection procedure based on the minimization of the
Akaike Information Criterion value (AIC) for all possible combinations of variakleBinearity between
independent variables was assdasging the variable inflation factors and variabléth tolerance of

larger than 0.1 and the VIF smaller tharwl€re excluded from the models suggested by Hair et al.
(2009) Theexplanatorypower of regression modislreported using adjusted coefficients of
determination (Rg) andtherelative contributiorof each variable to the modelrsported 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 theselected 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 chastaxsteand their spatial

relationship with restoration likelihood. All the maps were rescaled frd®00for easier comparison.

o e T @ 8 1o 1)

y = predicted restoration potential for viewpoint
X = viewscape metric b = regression coefficient of the

Results

Restoration potential survey

The mean RP values of the IVEs varied between 2.47 and 10.51 8TgbMery high values were

assigned to those depicting greenways, lush vegetatid 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 variads tested, Horizontal, PD, Grass and Nump were excluded because they
correlated with other variabl¢Bearson coefficient > Q. Table3.2). Globally, the selection procedure

led to the definition of a sigiccant model for RP. Of the remaining variablesvtere selected for the

model yielding an adjuste®? of 0.72. All VIF values are less thasy confirming the absence of

collinearity among variablegrom the compositional variables, Mix@atests, 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 showakpositive effect on RP while Shannon diversity index (Land cover heterogeneity) had
a small negative effecfThe size of coefficients related to thetent and proportiong@resence omixed

treesandarenoteworthy compared to other coefficients, wheskeies 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

RP Viewscape metrics
IVE Mean SD 2 € & g ¢ 5 & 2 5 8 % 3
o P Q
5 3 2

1 992 081 44 04 286661 00 04 00 6921 99 41 43 80 0.8 6955 18 0.09
2 968 0.86 134 28 420 310 294 2.6 0.3 21214 185037.06.8 1.9 1.6 14373 73 0.01
3 7.13 092 44 04 286 43 379 03 1.6 3140 506 24.711.14.7 1.0 11462 40 0.07
4 6.98 0.93 274 40 39 00 565 49 3.3 42582 325 10.13.1 83 1.2 4186 26 0.04
5 702 122 73 71 81 63 565 3.3 2.8 98618 812 18.34.4 10.6 1.7 4964 48 0.04
6 393 268 85 37 140 0.0 632 52 1.9 91891 197216.959 9.4 1.5 5294 49 0.04
7 6.92 231 128 23 121 0.0 600 42 7.7 97852 213218.76.0 11.2 1.4 5075 48 0.04
8 597 239 53 54 185 53 595 1.9 0.9 103798178915.03.4 9.6 1.5 5463 54 0.05
9 6.00 1.01 198 34 51 00 544 6.7 10591018 107429.45.4 11.4 1.4 5917 53 0.04
10 10.51 0.75 0.0 0.0 608 0.0 392 0.0 00 80 150 22 0.3 6.1 0.7 14168 6 0.05
11 6.14 1.75 249 48 141 0.0 359 10.0 10.35593 366 6.2 2.4 10.1 1.7 7676 20 0.09
12 573 1.60 108 7.7 162 0.0 43.8 10.7 8.6 36353 982 19.832 9.3 1.8 7839 50 0.08
13 515 1.13 32548 04 0.0 282 230 11.01712 210 6.1 2.2 10.2 1.6 10021 14 0.13
14 495 163 13371 35 09 625 45 8.1 106496891 17.954 11.3 1.3 4081 40 0.03
15 6.87 0.96 256 28 252 0.0 344 52 6.8 19282 461 11554 10.7 1.5 8806 42 0.11
16 5.86 0.98 139 74 41 24 598 45 22.0104086843 2555.9 10.4 1.4 5098 48 0.04
17 4.13 1.06 22302 58 00 167 227 3248605 311 7.4 14 63 15 5752 19 0.05
18 9.06 0.98 327 32 57 0.0 527 20 3.8 28459 305 16.65.3 12.6 1.2 6298 33 0.05
19 9.66 0.76 263 1.3 222 0.0 350 3.9 11.250713 129327.04.8 12.0 1.5 8672 63 0.08
20 247 123 74 103 29 00 12.6 18.1 48.810702 300 53 21 6.2 1.4 5642 20 0.06
21 897 1.02 104 50 35 0.7 699 3.8 6.4 185289538 17.37.1 11.2 1.1 3109 39 0.02
22 493 1.00 242 87 53 00 460 58 10.042773 325 12429 7.9 15 5093 33 0.04
23 351 1.15 93 02 04 0.0 2592304126250 137 50 1.1 7.3 1.3 5425 15 0.06
24 485 0.93 230 72 30 00 289 153 22723569 414 17.116 7.0 1.6 7370 37 0.08

VariablesVdepth_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 midue=RP map indicatea number of

hot spots with highest likelihood of restoratidtig, 3.7). Those include the large grassy area inStnath
western portion of the site (locally known as the big fiedd@enwayand hilly landscapes to on the

Northern side, antlish areasn the north and norttvest. Comparison of the restoration potential and
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viewscape characteristic maffsg. 3.8) reveals that restoration hotspots emerge when there is an overlap
of high extent, increased visible trees and nataral coveyas well as daeased land cover

heterogeneity, and visible buildinGonversely, cold spots are characterized by decreased visibility of
vegetated features, and increaketl covediversity and presence of buildings and paved areasRPhe

in these areas improvesnear average with higher presence of visible vegetation.

Landscape characteristiggp revealed a number of patte(Rgy. 3.8). The extent map indicates that the
largest landscape rooms are in the western side of the park. Also, except the south aesteostp

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 @kous 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 Iﬁgre?iililéﬁ? Student t
(Intercept) 3.59E+00 11.07 ***
N =100 Extent 1.90E05 0.39 16.17  **
R%g= 0.72 Relief -1.20E01 -0.12 -6.06  we
P < 0.001 Depth -1.27E03 -0.34 -17.10
Skyline 1.08E01 0.12 6.25 ok
Vdepth_var 7.18E02 0.27 12.18  ***
SDI -3.82E01 -0.14 -1.92 *x
Building -5.41E02 -0.37 -5.38 ok
Paved -6.14E03 -0.03 -1.53 =+
Mixed 1.07E01 0.66 23.97  **x
Deciduous 8.13E02 0.32 16.47  ***
Herbaceous 4.44E02 0.27 20.30 =

VariablesVdepth_var = view depth variation, SDI= shanmiversity index.
*n <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 percdyaisea methods are effective approaches in

that they reflect both landscape structure and human judgizangel, 2001) However, they are

primarily developedor 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 @&sed modeling approach, which combined@iomated assessment

of viewscapes from highesolution spatial dataith human perceptions assessf@ughimmersive

virtual environmentsln a first step, the area seen from a viewpoint @emputed based on a high

resolution surface with improved veggon representatiofhe visible area was intersected with land

cover mapand viewscapeonfiguration expressed by landscape metaasl spatial analysisvere

related to perceiveestoration potentialerived from an IVEsurveythrougha regression afysis.
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