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Abstract

Natural fractures may greatly affect wellbore
stability and fluid flow in oil reservoirs. The detection
of fracture heterogencities—also named fracture
traces—on electrical image logs is not yet efficiently
automated and consequently requires long and tedious
work from geologists.

In this article, we propose an efficient fracture trace
extraction algorithm that produces fast, efficient and
repeatable results. Morphology operations are first
applied to detect high contrast traces while controlling
their geometry. A priori information about the
geometry of sedimentary surfaces is then used to
compute the main fracture orientation. Finally, a
clustering algorithm is performed for grouping the
extracted traces and identifying those that correspond
to natural fractures.

1. Introduction

Electrical logging tools measure rock face
resistivity around the borehole. Assuming that the
borehole shape is a cylinder, the resulting electrical
images can be seen as the unrolling of the cylinder
surface with depth and azimuth as respective vertical
and horizontal axes. Planar heterogeneities are then
represented by sinusoidal shapes in the image.
Moreover, due to the conception pad-based logging
tools, the measurements do not cover the whole
borehole perimeter (Figure 1).

Thanks to their high resolution, borehole images are
the preferred measurement for accurately visualizing
geological events: faults, breakouts, sedimentary
surfaces (bedding), drilling induced and natural
fractures. Image analysis and computer vision
algorithms dedicated to borehole electrical images have
recently appeared for quickly and accurately extracting
geological events, and thus making the interpretation
efficient and repeatable.
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Quantitative analysis of fractures and of their
attributes (porosity, aperture, permeability, and density)
is essential for predicting the productivity and
managing the production of oil fields. It is also the
starting point for further upscaling processes (structural
analysis, 3D fracture network modeling).

However, despite its importance in the oil
exploration process, automated detection of fractures
from borehole electrical images has long been
overlooked. Extraction of natural fracture traces is
indeed a complex problem: their contrast is often weak,
their thickness is variable. In addition, a single natural
fracture trace is composed in the borehole image of
short and disconnected pieces. The objective is
therefore to firstly detect the traces corresponding to
fractures and then to link those pertaining to the same
fracture.
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Figure 1. Planar traces mapped into sinusoids
(bedding surfaces in continuous blue line,
fractures in dashed black line). Left: 3D image,
Right: unrolled 2D image.

Most of the existing automated fracture extraction
methods either use shortest path algorithms [1] or
handle the problem in two steps: extracting traces by
applying edge or segment detection methods and then
applying a linking procedure with fracture geometry
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Figure 3. Segments and their orientations
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Figure 4. Trace extraction, (a) Initial image,
hatched zones: bedding and fracture traces
are nearly parallel (b) Structural element: 10
pixels, A=1, (c) Structural element: 5 pixels, A=
0.01

Finally, the length and the thickness of the traces are
computed and only elements that have their length
much bigger than their thickness are kept.

At the end of the extraction algorithm, the contrasts
deduced from the morphological step and the
thicknesses of the traces are measured for further
characterization of the rock porosity and permeability.

3. Fracture extraction and grouping

3.1. Main orientation determination

Provided that all the fractures have been created
during one single tectonic event, their orientations
follow a unimodal distribution. Furthermore, their
orientation is very different from the bedding
orientation. By using the geometry of the bedding
planes as negative a priori information, the main
orientation of the fracture planes can consequently be
computed.

The first step is to select only the traces that have
the greatest probability to correspond to fractures.

Let p be the normal vector to a bedding surface.
For a trace composed of segments {,,.,5,}. a

sufficient condition for not belonging to the bedding
plane is:

Vi,(p.s;) > cos(r/2-a) (2)
where « is fixed to a low value, 10 degrees, to ensure
that only the fracture traces are selected.

Moreover, due to tectonic folding and
sedimentation, the orientation of bedding surfaces
varies smoothly. It can thus be linearly interpolated as a
function of the depth. The relationship (2) becomes:

Vi.(p(z;)5;) > cos(m/2—eax) (3)
where z,is the mean depth of the segment 5, .

Finally, a robust best fit algorithm for finding the
main orientation p, is launched over the most likely

fractures, i.e. verifying (3):
Py =argmin(}_p((ps,)) 4)

where p is a M-estimator. The problem is solved with
IRLS algorithm (see [6,7]).

3.2. Grouping

Once the traces have been extracted and their
orientations have been computed, those corresponding
to the same fracture must be grouped. It is assumed that
fractures have a planar geometry: the purpose is then to
group traces that belong to the same sinusoid.

Traces orthogonal to the fracture main orientation
are first selected with the criterion:

Vi,<13f.§,~> <cos(7/2-B)(5)

where B is fixed interactively. A small value misses
fracture traces. As bedding and fracture traces can have
similar orientations (Figure 4a), a high value tends to
select fracture and bedding traces in these zones.
Experiments on real cases have shown that with a value
of 20 degrees all fracture traces are captured but that
the selection of a few bedding traces cannot be
avoided. The condition (5) is therefore not sufficient
for classifying the traces as fractures.

Considering a selected trace, the objective is to find
an estimation of the normal vector p corresponding to

its associated plane. Let us define the global segment
normalized vector joining the extremity points of the
trace 5,. Vector p is chosen as the orthogonal vector
to 5, minimizing the angle with 5 .: p :(ﬁf A5, )/\ 5y -

p; would actually be the maximum likelihood

estimator if the orientation distribution followed a
Fisher law of mean p .



p; and the depth coordinates of our global segment

give the depth z; of the fracture plane. It is now
possible to introduce a new distance between traces:

d(5,.5;) =|z;— 2|+ Rx|tan(8) — tan(®))
where 6; is the angle between 5; and the depth axis,

and R the radius of the borehole. This distance
corresponds to the maximum depth difference between
the sinusoids associated with p, and p,.

Finally, a hierarchical clustering algorithm is used,
parameterized by the minimum distance between the
elements in each cluster (single linkage). The clusters
containing two or more traces are classified as fractures
and their best fit plane is computed. In Figure 5, the
traces are blue if they verify the criterion (5). The blue
sinusoids represent and link the clusters of more than
two traces that are considered as fractures.
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Figure 5. Clustering algorithm. Sinusoids (light
green): bedding. Arrow: main orientation, (a)
min dist = 5 pix. , A =1 (b) min dist = 10 pix. , A
=1 (c) min dist = 10 pix. , A = 0.01

4. Results

The bedding orientation has already been picked on
the presented images (Figure 5). Note also that on these
images the fracture orientation distribution is unimodal.

Most of the fractures are thin and closely spaced,
and several traces are often merged into one if the
structural element is bigger than the spacing (Figure
4b). Conversely, a small structural element misses
some events with significant thickness (Figure 4c). The
extraction algorithm gives very satisfying results,
extracting most of the fractures with high performance
(less than 1 second for 5 meters depth, i.e. a 1900*%200
pixels image on Sun Blade 900 MHz).

In Figure 5a, the minimum distance is set to the same
value as the size of the structural element (minimal
vertical spacing of the extracted events). A higher value
gives fewer but more populated clusters and thus more
fracture planes (Figure 5b). The parameter A in (1)
allows a finer selection of traces by (5) in the red
dashed zones (Figures 5). For an optimal value of A,
fewer bedding traces are selected and the clustering
algorithm gives better results.

5. Conclusion and Outlook

The algorithm described in this paper introduces a
new approach allowing events of weak contrast and of
variable thickness to be efficiently extracted.

The fracture traces, which are discontinuous and
scattered, drove wus to wuse a discrimination
measurement: the trace orientation. The orientation
also offers a tool for better analyzing geological events.

The proposed workflow has already been deployed
and proved to be successful for the characterization of
fractures in basement granite rocks in Vietnam and in
Yemen, where fractures are solely responsible for the
reservoir production. The quality and the time of the
interpretation are thus drastically improved.
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