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Topographic lineaments (white arrows) are usually interpreted as fracture
lineaments, including fracture/joint clusters and fault zones (e.g. Gabrielsen and
Braathen, 2014)

Lineament maps obtained from regional Digital Terrain Models are populated by
huge number of lineaments.

However, even if the exposure could be optimal, the resulting lineament dataset
only partially represents the real fracture networks and offer only a partial view to
the geometrical properties (length, topology) of fracture networks.

Thus, a statistical analyses of the large dataset is needed to retrieve reliable
information about network geometry.

In this contribution we propose an analytical workflow
coupled with statistical tests for the analysis of large,
multiscale lineament maps.

In particular, we will characterise the variability
across scales of
1. Fractal dimension of fracture network
2. Lineament orientation
3. Lineament density and intensity
4. Cumulative length distribution
5. Spatial organization
Showing the results for the Bamlo (Western Norway)
case study.
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Geological setting of Bamlo

- On-shore analogue for the off-shore
unconventional oil reservoirs in the Utsira
High

- Massive Granitoid rocks (Rolvsnes

granodiorite) lacking pervasive layering
(metamorphic foliations, sedimentary
layering) that might affect the
development of fracture networks

- Prolonged deformation history, many

superimposed tectonic events

Background on lineament maps in
crystalline basements

Fracture networks in crystalline basements
are expected to have fractal (scale-invariant)
characteristics, described by power-law
scaling relations (e.g. McCaffrey et al., 2020).

Maps of topographic lineaments retrieved
from digital terrain and surface models offer
large datasets, which are inherently
incomplete due to partial exposure and/or
incomplete sampling of lineament due to
resolution or human bias (e.g. Scheiber et al.,
2015).

Multi-scale analysis is usually adopted to
overcome truncation and censoring biases
due to resolution limits of lineament maps

(e.g. Dichiarante et al., 2020)
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Lineament mapping at different scales

1:100 on UAV-Drone orthophotos
(Goddo Fault Zone — GF2)

1:5000 on LiDAR DTM + Aerial
orthophotos (Bing Maps)

1:25000 on LIiDAR DTM

1:100000 on LIDAR + SRTM DTM

UAV-Drone orthophotos collected by Erik J. Ryan (NTNU)
LiDAR DTM kindly provided by NGU Trondheim (Norway)
SRTM DTM: https://www2.jpl.nasa.gov/srtm/

Mapping performed in ArcGIS 10.9
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. Fractal Dimension of the whole lineament network
Obtained through the box-counting method (Bour et al., 2001)
10°
?
\ @ @ 1:100 D=1.46
i \ \ ® 1:5000 D =1.61
10°] \ & ® 1:25000 D =1.52
* ®)\ | ®1:100000 D =1.45
\ '\,
® \
\
10* \ \\\
. " A
% ? b
2 \ L \\’
510’ R N\
E \ 5
= \\ \ \\\\
= 2 \ & \
10 \ \\ §
. o %
\ YR
\ %
'Y \
10’ \\ \\
\ \
\
% 3
10° 4
10 10" 10° 10" 10° 10° 10° 10°
Box size (m)

Boxcounting.m MATLAB function from Frederic Moisy
http://www.fast.u-psud.fr/~moisy/ml/boxcount/html/demo.html|

I ]

Fracture network shows comparable
fractal dimension (D) across scales
D =1.51+£0.14 (20)

The fractal dimension is usually
(inappropriately) adopted to justify the
assumption of scale-invariant properties of the
fracture network
[Bonnet et al., 2001]
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2. Lineament orientation across
scales

Sets 1&2 dominant at local scale (1:100-1:5000)
Set 4. constant relative frequency across scales

Set 5: Increasing frequency from local to regional
scale, dominant at regional scale

@

Different relative proportions
of orientation sets at
different scales of
observation
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Lineament intensity
(length of lineament/area)

3. Lineament density and intensity

Lineament density
(number of lineaments/area)
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4. Multi-scale Cumulative length distributions

Whole lineament network
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Fracture length (m)

A general power-law function can be defined
gualitatively interpolating the data from each scale of
observation

Cumulative number per unit area (m?)
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A general power-law function can be defined qualitatively
interpolating the data from each scale and for each set of
fractures



4. Cumulative length distributions statistical analysis M

To understand which mathematical function fits better the cumulative length
distribution of lineaments we have performed the MLE analyses coupled with
KS-tests for each fracture set at each scale, considering variable values of

truncation (Upper cut %) and censoring (Lower Cut %)

Maximum Likelihood Estimation = estimation of function parameters (A, a, G, \)
+

Kolmogorov-Smirnov Tests = statistical significance of fitting
(Rizzo et al., 2017; Dichiarante et al., 2020; McCaffrey et al., 2020)
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_ _ _ 5. Sp atial o rgan Isation Spatial organisation of fracture sets have been qualitatively estimated
Scanlines with NetworkGT in QGIS comparing the values of the heterogeneity parameter V¥, its statistical

(Nyberg et al., 2018) . . . significance level V* and the Coefficent of Variation CoV of the scanlines
Heterogeneity analysis following Sanderson & Peacock (2019) performed in NetworkGT.

100

Plotting the statistical distribution (box-and-whiskers) of the values of CoV
vs. V* we can evaluate if a set of fractures present a random or organised
spatial distribution, and also evaluate its statistical significance.
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1:5000

Lineament maps at 1:5000 for each orientation set
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1) Significant fraciton of scanlines for Set 2 suggest a
clustered-corridor-fractal spatial distribution

2) Scanlines for Set 4 tend toward clustered spatial
distributions

3) Sets 1a, 1b, and 5 suggest randon-to-normal spatial
distributions
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2) Scanlines for Set 2 suggest random-to-normal
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Statistical variation in the spatial organisation
across scale:

- Set 1a,1b: constant random-to-normal sp.
distribution

- Set 2: clustered at 1:5k; random-to-normal
at 1:25k-1:100k

- Set 4: random-to-clustered at 1:5k,
random-to-normal at 1:25k-1:100k;

- Set 5: normal-to-random at 1:5k;
normal/log-normal sp. Distribution at
1:25k,1:100k
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Conclusions from the Bamlo case study

Lineament network

- Similar fractal dimension [D = 1.51] across scales

\ Scale-invariant fracture
- Occurrence of a general power-law scaling [o. = -1.95] |::> network properties
for length distribution

Orientation Sets

Different trends of intensity/density variation across scale for

each orientation set - |:> Different geological structures?
Different scaling laws for length distribution of each orientation Faults vs Joints

set —

Regional scale dominated by Set 5, long structures, » Regional scale fault pattern?

homogeneously distributed
Local scale dominated by Sets 1 and 2, rather short segments o
showing random and clustered spatial organisation, , Local-scale fracture/joint

»

respectively corridors?
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1)

2)

3)

4)

5)

6)

Conclusions — Takehome messages

Multi-scale analysis can reveal the general scaling laws for geometrical properties of the fracture network, even though
lineament maps at different scales or lineament maps for each orientation set suggest scale-dependent geometrical
properties.

Fitting of cumulative distribution needs to be integrated by MLE + KS tests to provide reliable results, and needs also to
consider the relative fraction of the fitted cumulative distribution.

Detailed multi-scale analyses of orientation sets can highlight the different scaling laws and geometrical properties
characterising each fracture set of the fracture network.

Comparison between CoV and V* can aid to characterise the spatial distribution of fracture lineaments at different scale.
The integration of multi-scale length distribution analyses, multi-scale intensity/density estimations and multi-scale
description of spatial organisation provide useful information for the classification of topographic lineaments as different

geological structures (e.g. fracture/joint corridors vs fault zones).

The multi-scale approach can also aid in the decision-making process when we need to model fracture network at a
specific scale.
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