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Abstract: The fractal analysis of images is a common technique to study natural processes. Its appli-
cation to landscape photographs, however, requires pre-processing which can produce widely different
results. Using two categories of landscape scenes with different levels of vegetation, five types of image
segmentation were compared and the resulting structures analysed with the box-counting method. The
fractal dimensions estimated were compared and found to characterize either the naturalness or the
complexity of the landscape scenes. This demonstrates the potential of fractal analysis for landscape
perception studies, and offers a set of reliable methods to estimate the fractal dimensions of landscape
photographs.
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1 Introduction

Studies on the perception of natural landscapes have demonstrated over the years that specific
qualities of an environment, such as its complexity and naturalness, are positively associated
with preference (KAPLAN & KAPLAN 1989). However, the lack of formal definition of such
terms makes their assessment difficult. Typically, naturalness is often linked to the presence
of vegetation, with high vegetation such as forests often perceived as more natural than mead-
ows, without it correlating with actual measures of biodiversity or other ecological indicators
(LAMB & PURCELL 1990). Similarly, complexity has been linked to visual variety or entropy,
but a valid measurement of the concept is still being investigated. Recently, FORSYTHE et al.
(2011) showed that the size of digital images compressed in a lossless format was a good
approximation of their perceived complexity.

With the development of new technology, fractal analysis has been sparking interest as the
method most able to quantify a landscape’s elements and qualities based on the statistical
structure of its visual representations. This method is already widely used in Ecology and
Medical Imaging, as the fractal dimension of images has been found to be a good surrogate
for the fractal dimension of the object represented (PENTLAND 1984). Using this approach,
patterns can be characterized by their fractal dimension, noted D, a statistical quantification
of their roughness or complexity (MANDELBROT 1982).

Most notably, COOPER & OSKROCHI (2008) showed that the extracted edges of street photo-
graphs could successfully discriminate between levels of perceived complexity. In a follow-
up study, urban scenes with higher levels of vegetation were found to exhibit higher fractal
dimensions than others with higher amounts of visibly built features (COOPER et al. 2013).
Typically, studies have found that the perceived naturalness of outdoor scenes increased with
their fractal dimension (KELLER et al. 1987) Images with mid-range fractal dimensions were
also found to be optimum in inducing the responses typically associated with landscape scenes
showing large amounts of naturalness or complexity (TAYLOR et al. 2001).
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This paper succinctly presents the results obtained in the first half of a study exploring the
use of fractal analysis of landscape photographs as a predictive tool for landscape preference.
However, the application of fractal analysis to landscape images is a relatively new area of
research and is still in need of a thorough investigation. Therefore, the first questions this
study had to address were: what is the fractal dimension of a landscape? How can it be meas-
ured? And how can it be interpreted?

1.1 The Box Counting Method

At the time of writing, most studies on the perception of fractal patterns had been carried out
on computer-generated images which exhibit specific fractal behaviours different from phys-
ical objects. Those who used real data often applied a simple method, called the Box-Count-
ing Method (BCM), to estimate the D value of their data (COOPER et al. 2013, COOPER &
OSKROCHI 2008, HAGERHALL et al. 2004, TAYLOR et al. 2001). The BCM consists of over-
laying a series of grids on the image, and counting the number of boxes or tiles that contain
a piece of pattern. However, it has many theoretical and practical limitations in its application
to digital images, as it is said to be particularly sensitive to changes in its parameters, such as
the software used, the size of the grid and its increment of rotation (OSTWALD 2013).

Furthermore, as the BCM can only be applied to binary images, where a pattern or object is
distinct from the background, it is necessary to segment the images in pre-processing of the
analysis. This step becomes critical in the case of landscape photographs which can record
scenes in which adjacent elements are not always perceptibly different or distinct from each
other. In order to establish the replicability and validity of fractal analysis by BCM as a tool
for landscape analysis, five different types of image segmentations were applied to a set of
landscape images (see Figure 2).

1.2 Experimental Picture Set

The set consisted of 58 pictures from the Forestry Commission database equally divided be-
tween two types of landscapes: forests and meadows. The photographs contained in the da-
tabase are taken by individuals and professionals alike, across properties managed by the
institution and, as such, display a wide range of quality, lighting conditions, focal length, etc.
The images were mainly chosen for their content of entirely natural landscapes from the
United Kingdom, showing no or little sign of manmade artefact, and no water feature as those
typically affect preference ratings (HAGERHALL et al. 2004). Each chosen image was cali-
brated to a resolution of 300 ppi/8 bit and to a size of 900 x 598 pixels, encoded in .bmp
format with lossless compression.

Forests scenes were characterised by the height of their vegetation such as trees and high
shrubs which would often reduce the visible portion of sky. Comparatively, the images of
Meadows typically displayed much larger areas of visible sky, with a low height of vegeta-
tion. Some of them were of cultivated vegetation, while others were not. Similarly, some
meadows were bordered by trees while others were not (see Figure 1). The validity of the
BCM was assessed through its expected ability to discriminate between two types of land-
scapes. In order to study the consistency of fractal dimension across a single landscape, ten
pairs or trios of images were also chosen from the same location and represent the landscape
photographed from different viewpoints (see Figure 3).
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Fig. 1: Example of photographs in the experimental set. Two forests and two meadows.

1.3 Image Segmentation and Fractal Analysis

Prior to the analysis, three softwares (BENOIT™, Fractalyse and HarFA 5.5)! were cali-
brated using Euclidean test images such as straight lines or fractals of known dimensions.
The results showed some fluctuations when the parameters of application of the grid were
changed or with images of lesser resolutions. Nevertheless, these variations remained within
the software’s error margins which were all under 5 %. Fractalyse gave the worst performance
with an average error margin of 36 % and was removed from the rest of the experiment.

HarFA offers different options for the segmentation of images and for the analysis of com-
plex greyscale photographs, such as its Fractal range analysis tool, which estimates the frac-
tal dimension at every intensity levels displayed by the pixels of the original image. The
information thus collected takes the shape of a fractal spectrum, where the fractal dimension
is presented as a function of thresholding conditions.

Three types of segmentation were applied to the landscape photographs: the extracted edges,
the silhouette outline, and the greyscale analysis reduced to the thresholding conditions at
three points of the fractal spectrum: the minimum, maximum and average fractal dimensions
(see Figure 2). The detail of the protocols followed for each segmentation can be found in
Table 1. A fractal analysis was then conducted on each structure using the two remaining
softwares.

Following the recommendation of COOPER & OSKROCHI (2008) and OSTWALD (2013), the
images were all analysed between 0.231 and 0.031, where 1 is the height of the image. In the
case of this set, the analysis was carried out between 149 and 17 pixels. In other words, the
largest grid had boxes of length 149 x 149 pixels, and the smallest 17 x 17 pixels. The place-
ment of the grid was also started at the top left-hand corner, although that parameter was
found to have a limited influence on the results. In total, 10 values of D were estimated for
each photograph.

! HarFA (Harmonic and Fractal Image Analysis) is a software compiled by the Brno University of

Technology. The Fractalyse software was developed by the research team “Mobility, city and trans-
port” of the research centre TheMA. Both can be freely downloaded online.
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Table 1: Protocol followed for the image segmentations applied as pre-processing of the

BCM
Extracted Edges Silhouette Outline GrEyseale
For HarFA |  For BENOIT™

Removing the sky portion of the image:

1. Open file with Photoshop

2. Switch to Greyscale mode

3. To remove the sky, use the Selection by Colour range with the parameters:

(a) 1-20 fuzziness
(b) No feather

4. Finalise the image by manually removing any leftover pixels in the sky area.

5. Save as .bmp file.

6. Use the Find Edges |6. Copy and paste the |6. Open file with |6. Use Threshold ad-
filter (a 3x3 Sobel sky area previously HarFA justment: input the in-
filter) selected (3) into a tensity values read on

. . 7. Open fractal
. new image with the . the fractal spectrum

7. Threshold the image . . analysis tool L
at intensity level 128 same dimensions for the minimum,

and resolution as 8. Select darkest maximum and aver-

8. Finalize the image original intensity visi- age value of D, pro-
and manually clegn 7 Trace the outline of ble to start ducing 3 different
up any leftover pix- hat i o th thresholding files.
els from other parts that image using the
of the image Find Edges filter. 9. Launch analy- Because HarFA car-

ge- (Alternatively, if the sis tool ries out a BW analy-

9. Save gs.bmp file. sky is too bright, 10. Stop when sis which only takes
That image can be use Stroke to trace a . into account the pat-

landscape is , . .
processed by HarFA 1px contour of the . . tern's outline, the im-
. entirely white. .
Invert and save as selection). Merge ages need to be sim-
another .bmp file to layers 11. Visualize frac- plified, using the
i . 1 . j i
g};ggi%&h 9. Threshold the image gihj\?vegzg&) Find Edges filter.
’ at intensity level Use the Invert adjust-
128 (Alternatively, | 13. Graphically ment tool so the im-
if the image is too read higher and ages appear white on
bright, the level can lower D and black.
be raised so that the record corre-
L . Save as .bmp file.
outline is clearly sponding
visible). thresholding
10. Follow step 8 and 9 values.
from the extracted
edges protocol.

2 Results of the Fractal Analysis

2.1 Comparisons of Results by Software and Segmentation Types

Non-parametric correlation tests were applied to all individual variables and the Kendall's
tau coefficient observed for correlation between the D values obtained by software and seg-
mentation type.
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The values least correlated between software were the average fractal dimension values esti-
mated from greyscale, with T = .526, possibly because of the heavy manipulations required
for that analysis (see Table 1). Comparatively, the values of D of the extracted edges and the
ones of the silhouette outline were strongly consistent across software with t=.925 and t =
.811, respectively. All correlations were strongly significant (p < .0001). Therefore, the val-
ues of D could be safely averaged between the two software packages for the rest of the
analysis.

There was a strong correlation between the fractal dimensions values obtained from silhou-
ette outlines and the minimum fractal dimensions calculated from greyscale, T = .609, p <
.01. This could be due to the fact that the thresholded images corresponding to the minimum
fractal dimension were often reduced to the single line of their silhouette (see image (a) and
(c) in Figure 2).

Original photograph (a) Silhouette outline (b) Extracted edges
D=1.18 D=1.80

(c) Minimum D from greyscale (d) Average D from greyscale aximum D from greyscale
D=127 D=1.48 D=175

Fig. 2: The different types of segmentation applied to the original photograph as pre-pro-
cessing for the fractal analysis. The fractal dimensions indicated here are the average
value estimated by the two softwares BENOIT™ and HArFA.

However, there was no significant correlation between the results obtained with the silhouette
outline method and those calculated from extracted edges, or even the average or maximum
fractal dimension calculated from greyscale. Overall, the three greyscale variables were not
as correlated as expected. Although both minimum and maximum fractal dimension were
significantly related (t = — .247, p < .01), the average was not. Instead, the average fractal
dimension calculated from greyscale was strongly related to the fractal dimension obtained
using the extracted edges (t = .324, p <.01), which was also weakly correlated to the maxi-
mum fractal dimension obtained from greyscale (t = .202, p <.05).
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2.2 Comparison of Results by Landscape Type

In order to assess the validity of the method, a Mann-Whitney U test was used on the averaged
values between software, grouped by image type. The values of fractal dimension estimated
from the silhouette outline were found to be significantly greater for Forests (M = 1.34, SD
=.11) than for Meadows (M = 1.12, SD = .089), U = 30.00, p < .0001. This difference was
also visible in the minimum fractal dimensions estimated from greyscale U = 51.00, p <
.0001.The fractal dimensions measured from the images produced by other methods of seg-
mentation did not show any significant differences between the two landscape types.

2.3 Principal Components Analysis

A principal component analysis was carried out with Varimax rotation using only the varia-
bles with the strongest correlations to each other which excluded the maximum D estimated
from greyscale (Bartlett’s, p <.0001).

An initial analysis was run to determine the explanatory power of the components underlying
the data. Two components fulfilled the criterion of having eigenvalues above 1, and in com-
bination explained 79.85 % of the variance in the values of D. The fractal dimensions esti-
mated either from the landscapes silhouette outlines or the lowest threshold of the greyscale
spectrum had factor loadings on the first component of, respectively, .891 and .912. Since
the categorical variable coding for landscape type had a factor loading of .865 on that same
component, it seems that the latent variable measured here is linked to the type of landscape,
either described through vegetation levels, density of vertical elements or naturalness.

The other variables, the fractal dimension of the extracted edges and the average fractal di-
mension estimated from the greyscale spectrum, had factor loading of .699 and .756, respec-
tively, on the second component. In order to determinate what that latent variable measured,
a secondary analysis was carried out using the size of the image files compressed in a lossless
format (.gif), following the recommendations of FORSYTHE et al. (2011). The size of images
was found to be significantly correlated to the values of D estimated from the extracted edges
and the average values of D measured from greyscale, which confirms that these two varia-
bles measured something akin to complexity.

2.4 Landscape Viewpoints

There was no significant correlation between the pairs of images taken from different view-
points of the same landscapes. Some exhibited very different outlines but similar edges,
whereas some had the opposite relationship (Figure 4). In most cases, the difference in the
fractal dimension of the outlines was caused by the presence of trees in one of the images.

The difference between the fractal dimensions of the extracted edges was subtler but mostly
linked to one photograph being more contrasted than the other.

This illustrates both the effect of vertical elements for the D value of the silhouette outline,
and the importance of strong contrast levels for the edge detection Sobel filter used in the
extracted edges segmentation.
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SESISIEE  Fig. 4:
Outline:D=132 § . foh h )
& : jﬁ’y Edges:D=174 | wo pairs of photographs represent

s mmmesmess 1Ng the same landscape, taken from

T————— T different viewpoints. The first pair
Edges: D=1.46 | Edges: D = 1.61 (top row) shares the fractal dimen-

e —

sion of their extracted edges but not
the one of their silhouette outlines,
The second pair (bottom row) exhib-
its the opposite relationship.

3 Discussion and Conclusion

The results obtained here show how critical the type of image segmentation applied to land-
scape photographs is for the replicability and validity of their fractal analysis. Although most
methods will yield higher D values for forest images than for meadows, the silhouette outline
is the only method that can significantly discriminate between the two landscape types. This
segmentation is also relatively easy to implement compared to the greyscale thresholding
spectrum and a full horizon line is not necessary, as some images in the experimental set had
portions of sky smaller than a quarter of their length and width and could still be included in
the final analysis. However, one limitation encompasses all segmentation techniques: the
contrast between landscape and sky. Indeed the sky must display lighter and bluer tones than
the vegetation and landforms for its contour to be efficiently extracted (Table 1 presents a
detailed protocol including alternative steps for less contrasted images).

The differences between the D values of forest and meadow images support previous claims
that link D with the presence of vertical elements, visual variety and high levels of vegetation
(CoOPER 2013, COOPER & OSKROCHI 2008, KELLER et al. 1987). However, the present study
demonstrates that these can also be associated with the contrast levels of an image, depending
on which segmentation technique is used in pre-processing of the fractal analysis. Therefore,
the method of segmentation has a stronger influence on the values of D estimated than the
subject of the photograph itself.

Similarly, two photographs of the same landscape can exhibit different properties depending
on what the camera captured. Factors such as viewpoints, but also light levels, time of day or
the quality of the camera, will influence the data from which D will be estimated. Therefore,
the fractal dimension of a landscape can only be defined as the fractal dimension of a specific
representation of that landscape.

Consequently, the labels of naturalness and complexity used in the present paper should be
used with caution. Indeed, the naturalness illustrated here rests on the presence of trees and
vertical elements, which does not encompass such natural settings as deserts or coastal envi-
ronments. Similarly, previous studies which associated higher fractal dimensions to natural-
ness and complexity, such as COOPER & OSKROCHI (2008) and COOPER et al. (2013) were
carried out within urban contexts where the presence of vegetation is most likely to stand out.
It would certainly be interesting to see if fractal geometry could be used to quantify objective
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indicators of natural health such as biodiversity, or if its usefulness is limited to perceptible
qualities. With a more extensive picture set covering a wider range of landscape types and
landscape elements, the visual interpretation of D could be refined.

Regardless of the interpretation, it is important to note that Mandelbrot himself warned that
two objects could share the same fractal dimension yet look nothing alike (MANDELBROT
1982). As an example, images of urban environments were included in the pilot part of this
study and some were found to exhibit the same mid-range fractal dimensions typically asso-
ciated with naturalness (TAYLOR et al. 2001). It is therefore impossible to rely on the fractal
dimension alone to visually describe a pattern. Instead, one should look to other measure-
ments described within fractal geometry, such as lacunarity or randomness.

Although further work is needed to refine the reliability of this new method, the contribution
of fractal geometry to landscape studies, particularly those interested in the perceptual mech-
anisms behind preference remains promising. Indeed, in the second half of the study, two
distinct measures of the fractal dimension of landscape photographs presented here were
found to significantly correlate with preference ratings.
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