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Abstract

In the effort to manage and mitigate landscape impact by works of
infrastructure, various methods have been developed to quantify and
evaluate visual impact, ranging from photo-montage and digital
representation to Geographic Information Systems (GIS) viewshed
analyses. These methods can be divided into two broad categories;
quantitative methods that mainly focus on calculating the extents of
the area affected, in each case, and qualitative methods that focus
on the perception of the landscape transformation by individuals.

In this study we develop an evaluation methodology for quantitative
methods of visibility analysis that generate Zone of Theoretical Visibility
(ZTV) maps. In particular, we utilize stochastic tools to correlate spatial
patterns of visibility analysis maps to increased qualitative concerns
that are connected with opposition to projects of infrastructure. A
stochastic computational tool (2D-C) is used of the analysis of images.
2D-C is a tool capable of characterizing the degree of variability in
Images using stochastic analysis, and thus, the change in variability vs.
scale, among images. The methodology investigated incorporates 2D-
C in a GIS environment for landscape impact management and
proposes a procedure to assess impacts which can aid relevant

policy.




Infroduction (1)

Works of civil infrastructure generate important transformations to the natural and
cultural attributes of landscapes. Thus, various methods have been developed for the
management and mitigation of landscape impacts from works of infrastructure. These
methods are used to quantify and evaluate visibility and generated visual impacts
and overall, to assess the significance of aesthetic transformations to landscapes.
Such methods range from photo-montage and digital representation to Geographic
Information Systems (GIS) viewshed analyses. renewable energy (RE) is the focus of
most of such analyses.

It is now widely accepted that landscape impacts are generated through the visibility
of renewable energy projects. This so-called visual impact, is certainly, in part,
subjective, put can extend several kilometers away from the project’s locations.
Visual impacts of RE developments have been analyzed in literature (Apostol et al.,
2016; Frolova et al.,, 2015; Stevenson and Giriffiths, 1994; Stremke and van den
Dobbelsteen, 2012; Vissering et al., 2011) as well us in institutional environmental
impact assessment guidelines (Hellenic Ministry of Environment, Energy & Climate
Change, 2008; Horner & Maclennan and Envision, 2006; New South Wales
Government [NSW Government], 2016).

Methods of assessing landscape impacts from RE can be divided into two broad
categories; quantitative methods that mainly focus on calculating the extents of the
area affected, in each case, and qualitative methods that focus on the perception
of landscape transformations by individuals.
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Research Questions

In this study, we develop an evaluation methodology for quantitative methods of
visibility analysis that generate Zone of Theoretical Visibility (ZTV) maps incorporating
qualitative (perceptual) evaluation in a method that has so far been primarily
quantitative (spatial). Through this analysis we address the following research
questions:

L What insights can be gained on negative aesthetic perception on civil

infrastructure and in this instance wind energy infrastructure using the 2D-C stochastic
analysis (Sargentis et al., 2019)¢

L LTV analyses have been recognized for their value in the spatial quantification of

landscapes (loannidis et al. 2020). However, they luck in terms of qualitative analysis
of landscape transformations. What are the elements they might misse

i How can these elements be quantified and incorporated into GIS visibility analyses
to render them more valuable from a qualitative perspective as welle




Methodology outline (1)

The following methodology was used for the evaluation of quantitative methods of
visibility analysis that are used to generate Zone of Theoretical Visibility (ZTV) maps.

L Four theoretical scenarios were developed aiming to test four completely different
topographical terrain conditions for the installation of a wind turbine:

*  Wind turbine on flat terrain

«  Wind turbine on the slopes of ridges

«  Wind turbine on top of a hill

«  Wind furbine in the center of a valley

; Theoretical 3-d models were designed for each scenario including basic terrain
forms and the installation of a wind turbine.

l LTVs were calculated for each scenario for a single wind furbine with a height of
120 m.




Methodology outline (2)

i In each scenario, a theoretical observer was placed at a distance of 1 km from

the furbine. The exact location of the observer was selected aiming for the most
representative position of an observer in the landscape with the particular terrain
characteristics.

i The view of the observer towards the wind turbine was captured inside the 3d
environment the model.

Q A stochastic computational tool (2D-C) was used for the analysis of the following,
each one in four different scenarios:

« Theimages of the view of the observers towards the wind turbines

- The images of the view of the observers towards the wind turbines if the wind
turbine was not present

« The calculated the zones of theoretical visibility

L Using the 2D-C tool the degree of variability was calculated for the examined
images as well as the change in variability vs. scale, among images.
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Theoretical Scenarios (3d models)

L Wind furbine on top of a hill 2_ Wind turbine in the center of a valley
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* The wind turbine is depicted larger than original dimensions (120 m) used in the model. 73



/ones of theoretical visibility

Definition:

The method of "zone of theoretical visibility" (ZTV) (Hankinson, 1999) is a type of
viewshed analysis. It is also called "zone of visual impact/influence"(Wood, 2000) and
it involves the calculation of a binary map with the use of GIS technology that
presents the areas from which an object, e.g. a wind turbine, is visible and the areas
from which it is not. Viewshed and ZTV analyses abide by one basic principle; a digital
elevation model of the area of interest is used, in which the locations of the objects
that cause visual impact are pinpointed and their visibility is calculated radially with a
line-of-sight test.

As is expected, the theoretical maximum distance of visibility of wind turbines is
particularly important for the results of ZTV analyses. It is thus analyzed in detailin the
following section. Other parameters that differentiate ZTV analyses are the
incorporation of adjustments to elevation according to land-use height (Rodrigues et
al., 2010), the inclusion of visibility of wind turbines from regions sharing borders with
the area examined (Moller, 2010), observer height and observed object height
(Scottish Natural Heritage [SNH], 2014).



/ones of theoretical visibility

Distance of dominant visibility:

The distance of visual/landscape prominence or domination exceeds from 1 to 6.4
km away from the location of wind turbines. Indicatively, The Sinclair — Thomas
maftrices (Buchan, 2002) present 4 km as the radius of dominant impact for wind
turbines with heights from 90 to 100 m while Sullivan et al. present 6.4 km as the radius
in which a wind turbine is considered a "commanding visual" (Sullivan et al., 2012),
Bishop, Stevenson and Giriffiths, SNH and Buchan present 2 km for dominant visibility
(Bishop, 2002; Buchan, 2002; Scottish Natural Heritage [SNH], 2009; Stevenson and
Griffiths, 1994) and finally Vissering et al. (Vissering et al., 2011) present 4 km. In our
analysis, we used 4 km for the calculation of ZTV's which is slightly above the average
of all of the above distances that are examined

The maximum distance of visibility or visual threshold defines the geographic extends
of the area that is investigated for visibility. The distance in which wind turbines are
considered visible, ranges from 2 o 48 km in literature. The studies at lower end of the
range, i.e. distances smaller than 16 km, include Bishop (Bishop, 2002) Betakova et al.
(Betakova et al., 2015) and the Thomas Matrix and Sinclair Mairix, as cited by Sullivan
et al. (Sullivan et al., 2012). In more recent studies, the trend is the promotion of larger
distances for the calculation of ZTV for average-sized wind turbines is larger, like 48 km
by Sullivan et al. (Sullivan et al., 2012), 20 km by Bishop (Bishop, 2002) and 16 to 40 km
by Vissering et al. (Vissering et al., 2011). Since the average of the aforementioned
estimates is around 20 to 25 km, the distance of maximum visibility was not
incorporated in our analysis, as wind turbines where hardly noficeable in the 3d
model. o



/ones of theoretical visibility

L Wind turbine on top of hill 2_ Wind turbine in the center of valley
i Wind turbine on the slopes of ridges 4_ Wind turbine on flat terrain
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Theoretical observers (1)

1. Placing 2. View of observer

L Wind turbine on fop of hill
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Wind turbine is depicted here larger than original
dimensions (120 m) used in the model.




Theoretical observers (2)

1. Placing

l Wind turbine on the slopes of ridges
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2. View of observer
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i Wind turbine on flat terrain
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Wind turbine is depicted here larger than original
dimensions (120 m) used in the model.




Stochastic 2D-C - Theory (1)

Stochastic analysis in 2d:
For the aesthetic analysis of the examined landscapes a stochastic picture-analysis
methodology is used. In particular examined pictures of observer view are digitized in
2d grayscale color and a climacogram is calculated, based on the geometric scales
of adjacent pixels (Tyralis et al., 2018). The methodology war originally developed for
the aesthetic analysis of paintings (Sargentis et al., 2018; Sargentis et al., 2020) but has
also been applied in the analysis of landscapes (loannidis et al., 2019; Sargentis et al.,
2019)
In order to obtain data for the evaluation of art paintings, each image of art painting
is digitized in 2D based on a grayscale color intensity (thus this climacogram studies
the brightness of an image) and the climacogram is calculated based on the
geometric scales of adjacent pixels. Assuming that our sample is an area NA x nA,
where n is the number of intervals (e.g., pixels) along each spatial direction and A'is
the discretization unit (determined by the image resolution, e.g., pixel length), the
empirical classical estimator of the climacogram for a 2D process can be expressed
as: n/kn/k

bl nZ/KZ — 122 —‘(’JC) :

=1 =

Where the “A" over y denotes estimate, k is the dimensionless spatial scale, x( ) =

ZZ Zi 1)+1Z€ (i—1)+1 X 1S the sample average of the space-averaged process at
scole K.and x = Y1 x; /n? is the sample average. Note that the maximum available
scale for this estimator is n/2 13




Stochastic 2D-C - Theory (2)

Benchmark of image analysis; (a) White
noise; (b) Image with clustering; (c)
landscape; the lower row depicts the
average brightness in the upper one
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Stochastic 2D-C - Theory (3)

Results of analysis (example)

The presence of clustering is

0.100$7 reflected in the
e o o climacogram, which shows

a marked difference for the
& random white noise.

* e Specifically, the variance of
<><><>

the clustered images is
notably higher than that of
the white noise at all scales,
indicating a greater degree
o Landscape T Whitenotse of variability of the process.
if':pg Likewise, comparing the
clustered image and the
landscape, the latter has the
most pronounced clustering

behavior and a greater
degree of variability

(a) Climacograms of the (b) Standardized
benchmark images. climacograms of the
benchmark images.




Stochastic 2D-C - Analysis (1)

Pictures Analyzed Climacogram
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Stochastic 2

Pictures Analyzed

; Wind turbine in the center of valley
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D-C - Analysis (2)
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Stochastic 2D-C - Analysis (3)

Pictures Analyzed Climacogram

i Wind turbine on the slopes or ridges
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Stochastic 2

Pictures Analyzed

i Wind turbine on flaf terrain

D-C - Analysis (4)
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Stochastic 2D-C - Analysis (5)
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For each scenario, a new series were created by deducting the values of the
climacogram of the picture of the landscape without the wind turbines from the
climacogram of the picture including the wind turbine. These four new series are

presented here.

(@M 20




Conclusions

L The examined observer views are grouped info two types, based on their
stochastic behavior. In scenarios 1 and 4 the differences of the climacograms of the
landscape before and after the installation of wind turbines are noticeably larger that
in scenarios 2 and 3 (slide 21). This indicates that wind turbines that contrast with the
sky generate greater visual heterogeneity and are thus more impactful to
landscapes. Notably, these are the positions with the highest wind energy potential.

; Based on conclusion 1, we note that ZTV analyses cannot fully describe the visual
impacts from civil infrastructure on their own and in particular in this instance, of wind
energy developments. For example, in the area of visibility in scenarios 2 and 4 the
visual phenomenon seems to be identical, even though scenario 4 is actually more
impactful (or generally different), based on the stochastic 2D-C analysis.

Scenario 2 Scenario 4

Similar area
i Based on the aforementioned insights, we conclude that indexes supported by

stochastic 2D-C analysis could be incorporated in visual ZTV analysis to improve their
accuracy and completeness of the analysis of visual-impacts from civil infrastructure.

See also parallel presentations EGU2020-19832 (Sargentis et al., 2020b), for more
theoretical background on stochastic 2D-C analysis, and EGU2020-5484 (Manta et al.
2020) for its application in a case study. 21
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