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ABSTRACT

Recent advances in data acquisition technologies, such as Unmanned Aerial Vehicles (UAVs), have led to
a growing interest in capturing high-resolution rock surface images. However, due to the large volumes
of data that can be captured in a short flight, efficient analysis of this data brings new challenges,
especially the time it takes to digitise maps and extract orientation data.

We outline a semi-automated method that allows efficient mapping of geological faults using
photogrammetric data of rock surfaces, which was generated from aerial photographs collected by a
UAV. Our method harnesses advanced automated image analysis techniques and human data interaction
to rapidly map structures and then calculate their dip and dip directions. Geological structures (faults,
joints and fractures) are first detected from the primary photographic dataset and the equivalent three
dimensional (3D) structures are then identified within a 3D surface model generated by structure from
motion (SfM). From this information the location, dip and dip direction of the geological structures are
calculated.

A structure map generated by our semi-automated method obtained a recall rate of 79.8% when
compared against a fault map produced using expert manual digitising and interpretation methods.
The semi-automated structure map was produced in 10 min whereas the manual method took
approximately 7 h. In addition, the dip and dip direction calculation, using our automated method,
shows a mean + standard error of 1.9° + 2.2° and 4.4° + 2.6° respectively with field measurements. This
shows the potential of using our semi-automated method for accurate and efficient mapping of

geological structures, particularly from remote, inaccessible or hazardous sites.

© 2014 Elsevier Ltd. All rights reserved.

1. Introduction

Knowledge of geological structures and their topological rela-
tionships (e.g., faults, joints, igneous contacts, and unconformities)
is important for a wide range of geosciences research and industry
including mineral exploration, CO, sequestration, groundwater,
and geothermal energy. Possibly the most basic dataset used to
capture information on geological structures is the geological map.
Structural maps typically show the location, geometry, orientation
and trace length of structures of interest. Further information
typically captured may also include across-strike spacing, rough-
ness and density (Priest, 1993). The most fundamental of these
properties are location, surface geometry and orientation because
these properties are critical components of widely used techniques
such as two dimensional (2D) cross-section construction, cross-
section balancing, three dimensional (3D) visualisation of geology
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and modelling of geophysical data. In order to obtain the highest
resolution data, traditional field techniques include interpretations
from photo mosaics or grid mapping. Such approaches can gen-
erate abundant and high quality data but can take weeks, even
months, to complete.

With recent advances in aerial data acquisition technologies
from aircraft and UAVs (Harwin and Lucieer, 2012; Turner et al.,
2012), it is now possible to capture high-resolution rock surface
images and analyse geological structures within those datasets
digitally. Very large digital datasets can be collected rapidly,
covering significant surface areas with centimetre-scale resolution
in a matter of minutes.

Photogrammetry is a technique that captures 3D information of
features from two or more photographs of the same object, obtained
from different angles (Donovan and Lebaron, 2009; Haneberg, 2008;
Linder, 2009). In particular, structure from motion (SfM), is a photo-
grammetric technique, where the camera positions and orientation
are solved automatically, in contrast to conventional photogrammetry
where a priori knowledge of these parameters is required (Snavely
et al,, 2007). SfM uses overlapping photos to construct 3D point clouds,
from which it is relatively, straight-forward to calculate surface models
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such as wireframes or digital elevation models (DEMs) and finally
generate orthorectified photomosaics or textured surfaces. With the
advent of this technique it is now important to develop methods to
analyse the resulting data rapidly and effectively.

Several studies used photogrammetric data to map and mea-
sure geological structures (Ferrero et al., 2009, 2011; Kottenstette,
2005). Kottenstette (2005) conducted a study to demonstrate the
application of photogrammetric methods to map the locations of
geological joints. Ferrero et al. (2009) compared the orientations of
geological features (dip and dip direction) derived, from both a
field survey and results from a photogrammetric study. Their
results show a good agreement with field measurements. There
are also commercially available close range photogrammetry soft-
ware namely Sirovision, ShapeMetrix3D and 3DM Analyst, which
are available to calculate the orientation of discontinuities
(Haneberg, 2008; Tonon and Kottenstette, 2006). However, the
studies mentioned above used manual interpretation to identify
each individual structure in the photogrammetric models.

Visual interpretation is a subjective and time consuming process
and this is highly dependent on human experience and ability (Hung
et al,, 2005). Subjectivity is involved in lineament identification and
the true extends of it. For example, visual interpretation produces
results which are mostly non-reproducible because different inter-
preters will have different levels of expertise or may use different
identification criteria (Sander et al., 1997). Even the same observer
does not reproduce all the lineaments in the same locations in
multiple trials (Mabee et al., 1994). Such subjectivity can be mini-
mised by integrating results from multiple observers or by employ-
ing a single observer across multiple trials (Mabee et al., 1994;
Sander et al., 1997). However, both solutions can incur significant
man-hours to derive an interpretation.

Automated feature detection in images is an active area of research
in image processing, including many applications such as road
extraction (Shao et al, 2011; Treash and Amaratunga, 2000) and
medical applications (Den Hertog et al., 2010; Mulrane et al., 2008;
Onkaew et al,, 2011). Image analysis techniques provide an effective
and fast method of lineament detection and these techniques can
extract lineaments which are difficult to recognise using the human
eye alone (Wang and Howarth, 1990). The main advantage of auto-
mated or semi-automated lineament detection is speed.

Several studies have reported on automatic geological structure
detection from remote sensing images. Wu and Lee (2007) detected
edges from satellite images using the Likelihood ratio edge detector,
which was originally proposed by Oliver et al. (1996) and mathema-
tical morphology techniques were used to join the edges. The Hough
transform (Duda and Hart, 1972) has also been used to successfully
detect lineaments (Argialas and Mavrantza, 2004; Vassilas et al., 2002;
Wang and Howarth, 1990). Wang and Howarth (1990) conducted
an experiment, where an expert manually mapped faults from the
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images and these results were compared to the output from the
automated analysis method and an available geological map. It was
found that the visual method identified approximately 50% of faults,
while the automated method detected 53.7-69.2% of the faults based
on the threshold. Thus, the performance of automated methods can be
equivalent to, or slightly more effective than visual interpretations for
the detection of lineaments.

However there are some limitations in the previous studies.
In automated methods optimum parameter selection according to
different contrasts and different terrains is very crucial (Argialas and
Mavrantza, 2004). Moreover automated methods often detect linea-
ment like features which are related to non-geological structures such
as power lines, roads and man-made features. Thus automated
methods detect significantly more features than the actual features
present in the study area (Abdullah et al, 2013; Sarp, 2005). These
false positives needed to be edited and/or removed to produce a final
map which is time consuming (Gustafsson, 1994). The identification of
a single structure (fault) as a series of discontinuous line segments is
another drawback of the automated lineament detection method
(Abdullah et al, 2013; Sarp, 2005). The limitations of automated
methods show that some degree of user interaction is required to
produce a better structure map.

To overcome these limitations, Lemy and Hadjigeorgiou (2003)
used artificial neural networks to separate the actual feature segments
from the false positives detected by their automated method. The
discontinuous segments were then manually joined together to form
the final feature map. In our study we address this challenge by
introducing contrast invariant edge detection algorithms to minimise
the difficulty of parameter selection. We then incorporate user inputs
into the segment linking process to avoid the detection of false
positives and to produce more realistic results. The detected structures
are automatically located within the corresponding 3D surface models.
Then the orientation (dip and dip direction) and location of geological
structures are calculated using automated methods. Our preliminary
study showed the effectiveness of using advanced image analysis
techniques to detect geological structures from photographs (Vasuki et
al,, 2013).

2. Data acquisition

UAVs are already widely used for a variety of purposes, including
the digital reconstruction of architecture (Irschara et al., 2010) and
for mapping moss beds to monitor climate changes (Harwin and
Lucieer, 2012; Lucieer et al., 2011, 2013). For this study an eight-rotor
oktokopter (Fig. 1a) was used to capture approximately 140 photo-
graphs at an altitude of 30-40 m at Piccaninny Point on the east
coast of Tasmania, Australia. This low altitude flight resulted in high

b

Fig. 1. (a) Oktokopter Micro-UAV, fitted with Canon 550D digital SLR Camera. (b) Densified point cloud generated from UAV images using photogrammetry.
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resolution photographs (1 pixel & 1 cm), covering a 100 m by 80 m
area during a 5 min flight. The images captured a layered meta-
sedimentary sequence cross-cut by a series of dikes and faults, as
described in Micklethwaite et al. (2012).

For this study, the point cloud (Fig. 1b), which is a set of feature
points in a 3D coordinate system was created using SfM techni-
ques, following the methodology of Harwin and Lucieer (2012)
and Lucieer et al. (2011). The Bundler software package (Snavely et
al., 2007) was used to create a sparse point-cloud. Feature points
were identified by the Scale-invariant feature transform (SIFT)
algorithm (Lowe, 2004) and they were matched using approxi-
mate nearest neighbour kd-tree approach. The RANSAC algorithm
filtered out poor matches and finally bundle block adjustment was
used to calculate the 3D coordinates of each feature. This sparse
point cloud was used as an input to Patch View Multi-Stereo
(PMVS2) software (Furukawa and Ponce, 2010) and a dense point
cloud was created. Finally, the point cloud coordinate system was
transformed to the real world coordinate system and a digital
elevation model (DEM) generated (Fig. 2a). The individual photos
were georeferenced and stitched together to generate a single
mosaic as shown in Fig. 2b (Turner et al., 2012). The relative
accuracy of the dataset is in the order of 10-25 cm.

2.1. Our workflow on the analysis of photogrammetry data

Our method adds value to traditional survey methods and
provides objective and consistent results that can be queried and
reproduced. Our workflow consists of three steps as shown in
Fig. 3. Firstly we mapped geological structures using semi-
automated image analysis of the photographic dataset. Secondly,
following identification of the corresponding 3D geological struc-
ture coordinates from the DEM, the best-fit plane coefficients are
computed. Finally the dip and dip direction of the structure planes

are calculated. In the following sections we describe the techni-
ques used in each of these steps.

3. User guided fault map generation

The workflow of structure detection in photographs is outlined
in Fig. 4a. MATLAB code was developed for the structure mapping
and Fig. 4b shows the graphical user interface of the tool and the
parameters associated with each step. Each step and the corre-
sponding parameters are described in detail in the following
subsections. The parameters shown in Fig. 4 are the parameters
used to detect the structures from the image (Fig. 5) presented in
this paper.

3.1. Feature detection

Conventional edge detection techniques detect edges by identifying
the points in the image, where the image intensity changes sharply.
There are many existing methods to detect edges such as Canny, Sobel,
Prewitt, Robert and the Laplacian of Gaussian. When the performance
of these widely used spatial domain edge detection methods was
compared, the results showed that the Canny (1986) method performs
well and is able to detect strong and weak edges (Juneja and Sandhu,
2009; Maini and Aggarwal, 2009; Marghany et al., 2006). Alternatively,
edges can be detected using measures that are invariant to image
contrast and illuminations (Kovesi, 1999). In our study we investigate
phase symmetry, phase congruency and Canny methods to detect
edges within photogrammetric data.

Phase symmetry (Kovesi, 1997) is a feature detection technique
for ridges or valleys, i.e., line like features. This algorithm is already
used in geology and geophysics to detect regions of magnetic

a 607590 607620 607650 607680 b 607590 607620 607650 607680

P w w w v L w L w o
© ©
[ N
(vl ] L [ ]
[ «Q
(3] [5¢]
['e] n
(=] (=]
(2 [
N N
(v [ ]
© «Q
[5e] (3]
wn w
o (=]
o (=]
N N
(vl L el
© «Q
(3] (3]
o] n
o (=]
N~ ~
- -
(v [ K
[~ o
(32 (3]
wn (']
g g
S . L ;
© [+
(3] g (5]
n q :z a

. @ N 10 0 10 Meters N 10 0 10 Meters
A gnmm A 1§ .
607590 607620 607650 607680 607590 607620 607650 607680

Fig. 2. (a) DEM. (b) Photomosaic.
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Fig. 3. Overview of workflow.
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Fig. 4. (a) Structure map generation workflow. (b) Graphical user interface for 2D structure detection.

discontinuity (Holden et al., 2008). One advantage of this method
is that it is invariant to local signal strength. In this method, the
axis of a line corresponds to pixels that are symmetric along
different profiles sampled from all orientations other than parallel
orientation. The axis of symmetry in the spatial domain corre-
sponds to the points where all the frequency components are at
either a maximum or minimum. In this algorithm axis of symme-
try is identified by performing frequency analysis of the signal
based on complex valued Log-Gabor filters. Details of this algo-
rithm can be found in Kovesi (1997) and a MATLAB implementa-
tion is available in Kovesi (2000).

The phase congruency method (Kovesi, 1999) is a edge detec-
tion method that detects features by identifying points where the
Fourier components are maximally in phase. Phase congruency
provides a measure that is invariant to the magnitude of the signal.

Phase congruency can be used to detect edges from the images.
This algorithm is detailed in Kovesi (1999, 2002, 2003) and a
MATLAB implementation is available in Kovesi (2000).

Features were first detected by applying both the phase con-
gruency and phase symmetry algorithms to the high-resolution geo-
referenced photographs (Fig. 5) captured by the UAV platform. The
output was then processed to thin edges/ridges and then thresholded
to delineate edge/ridge pixels from others. Features were thinned by
using the non-maximal suppression technique that suppresses pixels
which are not part of the local-maxima. Then the thinned output was
thresholded using hysteresis thresholding, which marks all pixels with
values above a high threshold as “edges/ridges” and rejects all the
pixels with values below a low threshold. The remaining intermediate
pixels are marked as edges/ridges only if they are connected to the
high threshold pixels (Canny, 1986). The results are shown in Fig. 6.



26 Y. Vasuki et al. / Computers & Geosciences 69 (2014) 22-32

Fig. 7 shows edge detection results using the Canny algorithm.
Results of Canny and contrast invariant methods differ in that the
Canny method detects most of the features as two edges due to the
thickness of the geological features. The Canny detector is
designed to find step-like edges and thus marks a feature on both
sides of the dark lines formed by shadows cast by the fractures in
the rock surface. In contrast, the phase symmetry and the phase
congruency detect these fractures as single features.

Both phase congruency and phase symmetry algorithms detect
most features but phase congruency detects more noise as well
which shows the phase symmetry algorithm is a better choice for
this particular dataset. Thus, in the rest of this study we used the
phase symmetry algorithm to detect ridge features representing
faults in the UAV images. However in our software both of those
algorithms are provided, so that the user is able to select between
either phase symmetry to detect dark ridges or phase congruency

Fig. 5. Sample high resolution (1 pixel ~ 1 cm) digital photograph taken from
northern half of study site, which covers metasediments and felsic dikes. This
photo covers approximately 24 m by 20 m area. A small region is enlarged for
better visualisation.

to detect both visually faint and strong edges from UAV images.
Note that the results from any other edge detection method can
also be used in the following processes to detect the geological
structures.

Geological images are challenging media on which to perform
image analysis. Aerial images are affected by noise due to camera
shake, low resolution image capture, shadows of other structures
and the nature of surface contrast. Hence, geological lineaments
often appear as discontinuous line segments on original images as
shown in Fig. 6. During typical manual detection and digitising
approaches, geologists use their knowledge and experience to
determine which segments should be connected and which are
not. To detect the structures effectively in an automated method,
the line segments from the same structure need to be connected.

Fig. 6. Feature detection results from magnified region in Fig. 5 using (a) Phase symmetry ridge detection and (b) phase congruency edge detection.
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This makes automated lineament detection a challenging task.
Two adjacent segments may come from a single structure or they
can originate from two different structures. It is very difficult to
distinguish them just based on the distance between the end
points of those segments or based on the orientation of the line
segments. In order to address this problem we have implemented
the segment linking algorithm in three stages.

3.2. First stage segment linking

Morphological dilation followed by thinning can be used to fill
in small gaps between nearby feature segments. In the first stage
of segment linking, the endpoints of feature segments were
identified and dilation was performed only at the endpoints to
connect the endpoints of nearby features. A structuring element
with a neighbourhood radius of 7 pixels was used to dilate the
feature endpoints. This dilation causes nearby endpoints to
become linked, subsequent thinning then leaves a residual line
that connects the nearby endpoints together. For isolated end-
points that do not get linked to any other line segment the
subsequent thinning restores the endpoints to their pre-dilated
state. Connected feature pixels were linked together and then
represented as a series of line segments that were fitted to the
feature pixels within a specified tolerance. The line segment fitted
image was post processed to remove the isolated segments that
were shorter than a certain threshold. The result is shown in Fig. 8.

3.3. Second stage segment linking

While small discontinuities in edge segments can be joined
with dilation and thinning operations the nature of the surfaces
being viewed are such that geological lineaments will inevitably
appear as a series of line segments that may be separated by a
significant distance (example Fig. 8). In the second stage of
segment linking, line segments that lie close to each other, having
a very high probability of originating from the same structure, are
connected together. A modified Hough transform method is used
to find the probability.

Fig. 8. Detected features after first stage segment linking, using phase symmetry
ridges.

The Hough transform (Duda and Hart, 1972) is a widely used
method for extracting dominant lines in edge images. However in
its basic form the original Hough transform is prone to noise, since
irrelevant pixels will contribute the same amount to the accumu-
lator array. In its original form the Hough transform is not suitable
for detecting lineaments within remotely sensed images as they
contain a high degree of noise. Vassilas et al. (2002) proposed the
use of the weighted Hough transform to overcome this problem.
Even though their method was more efficient than the original
Hough transform, it failed to identify lineaments in certain direc-
tions. In this study, the use of the Hough transform method is
adapted and extended to identify line segments that belong to the
same structure. This was achieved by mapping the detected line
segments (rather than edge pixels) into the Hough space (see
Fig. 9). This allowed segments that have similar orientation, §, and
perpendicular distance from origin, p, to be readily identified. The
dominant line is detected from the image using this extended
Hough Transform. The line segments which have similar p and 6
are grouped together and connected, based on the distance
between the segments (if they are below a certain threshold).
The linked segments are marked as having been processed and the
next unprocessed dominant segment is then selected and this
process is repeated until all the feature segments are linked. The
line segment fitted image was post processed to remove the
segment which is shorter than a threshold (For this example 12
pixel length) (Fig. 10)

3.4. Third stage segment linking

In the third stage, segment linkage proceeds either by an auto-
mated algorithm or semi-automatically, guided by user inputs. Before
linking the segments using the automated method, segments were
removed from the population on the basis of their orientation. For this
particular image segments with an average orientation greater than
75° relative to the horizontal direction were removed since there are
no faults present in this image with that range of orientations, instead
such features are mostly parallel bedding joints (Fig. 11a). The
automated algorithm then identifies the longest feature segment
and the segments sharing similar orientation with the longest
segment. The segments with a perpendicular distance from the
longest segment below a threshold are grouped together with the
longest segment. Then these segments are linked together if their
separations and lateral alignments are within a specified tolerance.
The linked segments are marked as having been processed and the
next unprocessed longest segment is selected and this process is
repeated until all the segments are linked (Fig. 11b).

The automated method successfully detected most faults, joints
and bedding surfaces. However some non-features were detected
as features (false positives) and some features were not detected
by the automated method (false negatives). Also some single
features are detected as two or more, shorter length features.

Ya

length 2

Fig. 9. Modified Hough transform parameters applied to line segments.
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To quantify the performance of our algorithm the results were
compared with the fault map (Fig. 12) resulting from a visual
interpretation by an expert who had visited the outcrop. Note that
the automated method detects faults, joints and jointed bedding
surface while the visual interpretation shows only the faults. We
use recall to quantify the comparison.

Lq
Ro= 1
where L, represents the total length of faults common to the
automated results and the visual interpretation and L, represents
the total length of faults on visual interpretation. For this parti-
cular area L, is 15,917 cm, L, is 24,653 cm and the recall is 64.5%.

Geological analysis of images is not a trivial process as it
requires the interpretation of complex geometries and subtle
colour changes. Their analysis requires significant intuition, deduc-
tive and inductive reasoning of the interpreter. Thus, it is impor-
tant that human interaction is allowed to ensure the output is
geologically feasible.

In our method, user has the option of interpreting the
image using a semi-automated algorithm, which allows the

interpreters to interact and produce geologically feasible results.
In this method the segment detection result (Fig. 10) is displayed
and the users are asked to select the features by clicking mouse
button roughly along the features. The user needs to click the
left mouse button at a small number of locations along a
structure until their selection is completed by pressing the right
mouse button. This process is repeated until the user selects all
the structures. In order to avoid the selection of the same
structure multiple times, the clicked points are linked together
using straight lines as soon as the user completes the selection
of a structure. Fig. 13a shows the user clicked locations (red
squares) and the linked lines in green colour overlaid on top of the
original image. Then finally, the segments lying near the user inter-
preted lines are grouped together and linked together to form the final
semi-automated feature map (Fig. 13b).

Fig. 12. Fault map, resulting from visual interpretation, where different colours
indicate different fracture type. A red colour was used to mark faults, in which
offset could be seen clearly in the photo. A green colour was used for extension
fractures, cyan lines indicates joints and an orange colour indicates faulting and
extension fracturing at step-overs. The interpretation of fracture types are scale
dependant (depend on the resolution of images). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version
of this article.)

Fig. 11. (a) Feature segments, after segments from an unwanted orientation range were removed (in this case segment orientations greater than 75°). (b) Detected faults,

joints and bedding surfaces by our automated method.
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Fig. 13. (a) User clicked locations for semi automatic interpretation where mouse click locations are shown as red colour squares. (b) Fault map, resulting from semi-
automated method. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

This process is relatively easy and a time-efficient task for the
user since almost all the features are highlighted in the displayed
image based on the segment detection results. Furthermore, in
conventional visual interpretations, the user has to carefully
interpret the bends/stopovers, whereas in the semi-automated
method they just need to click on a limited set of locations without
worrying about the bends as the semi-automated method will
automatically detect the faults with realistic geometries, including
bends/stopovers, closely spaced parallel faults, intersections and
tip zone splays (Fig. 13b).

3.5. Comparison of semi-automatic fault map with manually
interpreted map

For better visual comparison of the locations of the faults identified
by both semi-automated and visual methods, the faults detected by
the semi-automated method were plotted on top of the visually
interpreted fault map (Fig. 14). Please note that not all the features
were considered during the semi-automatic mapping exercise that
had been identified by the original visual interpretation (especially the
extension fractures). The results show that of the faults, identified
using the semi-automated method the majority maintain a very
similar geometry and are in the same locations as the faults mapped
by the visual interpretation.

To determine the effectiveness of our semi-automated method,
the results are compared with the visual interpretation results.
Recall of semi-automated method is calculated as

LSG

Rsa - ng
where Ly, is the total length of the faults identified in the semi-
automated method and L, is the total length of faults identified in
visual interpretation. However as explained above some of the
faults identified in the visual interpretation were not considered
by the user in the semi-automated method. Thus we did not
include the lengths of those fractures when calculating L,,. For this
area Ly, is 17,680 cm, L is 22,154 cm which gives a recall of 79.8%.
Some features that are correctly mapped by the semi-
automated method are shorter than in the visual interpretation,
since some of the faint edges were not detected by the edge
detection algorithms. A little more time investment on behalf of
the user may well have solved this issue, with the shorter features
being restricted by the user's choice of points. Notwithstanding

Fig. 14. Faults detected by the semi-automated method (blue colour line) were
plotted on top of the fault map from Fig. 12, resulting from visual interpretation for
visual comparison. Please note that all the faults identified by visual interpretation
are not guided in the semi-automated method. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this
article.)

this, the average time taken for semi-automated interpretation
was 10 min, while it took ~7 h to interpret the image visually in
standard geographic information software.

4. Automated 3D structure analysis
4.1. 3D structure detection

Once the structures are identified in the 2D images the 2D
feature points X2d, Y2d (pixel coordinates) are computed and their
corresponding 3D feature coordinates (X3d, Y3d) are calculated.
The Z coordinate of the feature point, Z3d was calculated from the
DEM using bilinear interpolation. This approach requires the 2D
images to be orthorectified. Note that the output of the bundle
adjustment process provides the camera location and calibration
parameters. If the images are not orthorectified, these can be used
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to project a viewing ray corresponding to a feature location in the
2D image into the 3D surface. The intersections with the 3D
surface will give the 3D location of the feature points.

4.2. Orientation calculation

Once the 3D feature points are computed, the discontinuity
plane was extracted to estimate dip and dip direction of the
structure. We use the Random sample consensus (RANSAC)
(Fischler and Bolles, 1981) algorithm to identify best fit planes
from the given dataset. Alternately, least squares fitting methods
can be used to identify planes from the 3D feature points but the
results will be accurate only if the dataset is outlier free. The 3D
point cloud will contain data belonging to several planes, and will
also inevitably contain some noise. If a least squares method is
used to fit a plane, large plane fitting errors will arise, even with a
small percentage of outliers. Thus, it is essential to first remove the
outliers before applying the least square fitting method. It is
capable of fitting models to data with a large percentage of
outliers; about 50% outliers can be handled routinely.

The RANSAC algorithm initially identifies the model (in our
study it is plane) with a randomly selected minimum number of
points, which is 3 in the case of a plane. The distance between
each point in the dataset and the plane is computed and if the
distance is below a threshold then those points are considered as
inliers. Otherwise they are considered as outliers. The random
selection of points is repeated several times and the model with
largest consensus set is taken to be the correct model. In this study
the RANSAC algorithm is used to identify the best-fit plane, in a
methodology similar to Ferrero et al. (2009). Note that it is only
possible to fit a plane if the 3D data points are not degenerate, that
is if they do not lie in a straight line. Degeneracies arise where a
configuration does not have a unique solution. Thus, RANSAC will
fail to find a correct model in the presence of degenerate config-
uration (Hartley and Zisserman, 2004).

Once the coefficients of the best-fit plane are identified it is
relatively straight-forward to extract orientation measurements
such as dip and dip direction. The equation of the best-fit plane
can be defined by

ax + by +cz+d =0

where a, b, ¢ and d are the coefficients of the best-fit plane.

Fig. 15. Survey locations.

The dip and dip direction of this best-fit plane can be written as

Dip = arccos £

Va2 b+
Dip direction = k + arccos g
P - (\/ a+ b2>

where k is 0° or 180° or 360° depending on the quadrant (Feng
et al., 2001).

4.3. Comparison of orientation data with field measurements

A field survey was conducted in the study area and the dip and
dip direction of a single, well-exposed fault were measured at ten
locations along the fault (Fig. 15), using a compass-clinometer
aligned directly against the plane of exposed fault surfaces. We
compare these field measurements against orientations calculated
from the digital data at the same locations using an automated
method, described in Section 3.4. It is not possible to define a
plane using only one point instead using the automated method,
we need a line segment that is at least 3 pixel lengths to calculate
fault orientation at each location. These line segments are centred
at the locations where the field measurements were made, and we
calculated their dip and dip directions using different length line
segments to test the robustness of the results. The results are
presented in Fig. 16.

The results show that the calculated orientations, using the
automated method match well with the field data. Further analysis
was performed based on the absolute difference in dip and dip
direction calculation using different pixel lengths. The results
(Fig. 17a) show that the dip calculated with a fault segment where
length is greater than 21 pixels (21 cm) shows more realistic
results and Fig. 17b shows that the dip direction (or strike)
calculated using 21 pixel length fault segment has the best fit
with the field data. The automated method results using 21 pixel
length segments are presented in Table 1. The mean + standard
error of the absolute differences in dip calculation is 1.9° +2.2°
and the dip direction calculation is 4.4°+2.6°. It is generally
accepted that field measurements vary by 3--5° between different
users and compass clinometers. Thus the results obtained by our
automated method show the potential of using this semi-
automated method for accurate and efficient measurements of
orientations. Furthermore field measurements are taken by con-
sidering only a single point or a scan line but the photogrammetry
method calculates the orientations from a local discontinuity
plane while considering the wavy nature of the fault.

5. Conclusion

This paper outlines a method to rapidly map geological struc-
tures from photogrammetric data (such as that collected rapidly and
efficiently by UAVs) and calculate their orientation using automated
methods. The geological structures (faults) are detected using
contrast invariant feature detection algorithm and segment linking
methods. Our method produces a geologically feasible fault map
while minimising the time taken for the interpretation. Our semi-
automatic method improved the time taken to digitise a fault map
from hours to minutes.

We demonstrate that once a fault map has been generated it is
relatively easy to extract additional data, such as multiple mea-
surements of the orientation of structures along strike. Our
orientation analysis approach relies on identifying the correspond-
ing 3D feature coordinates in the 3D surface model, with the use of
a DEM derived from the original photogrammetric model. The
RANSAC algorithm was used to find the best fit plane from these
3D coordinates and the dip and dip direction are calculated using
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Fig. 16. Poles to fault orientations at 10 different locations along the selected structure. Data were both measured in the field (red circles) and calculated for the same 10
locations using different pixel lengths. (a) Poles and contours of measured field data. (b) Calculated fault orientations compared against field data contours. Calculations used
fault lengths that were 5-13 pixels long (blue), 15-21 pixels long (orange) and 23-29 pixels long (red). All calculated data fall within the 10% contour limit of the field data,
indicating that the calculated orientations match well with the field data. (For interpretation of the references to colour in this figure legend, the reader is referred to the web

version of this article.)
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Fig. 17. Comparison between field and calculated orientation data for (a) the dip
and (b) the strike of the fault orientation measurements. Note, although the field
data shows the fault is steep dipping 90% of the field measurements still have dips
< 90°. However there is a tendency for calculated data to derive dips of precisely 90
degrees (2 decimal places). (a) Percentage of calculated dips which are less than
90°, for different pixel lengths at each measurement location. Calculated data fit a
4th order polynomial with a shoulder at 21 pixel length, beyond which 50-60% of
calculations obtain more realistic dip orientations. (b) Standard deviation of the
difference between the calculated and observed fault strikes. There is a pronounced
minima at 21 pixels, indicating calculations using 21 pixels have the best fit with
the observed field data.

the best fit plane coefficients. Orientation calculation results from
our semi-automated method compared well with the measure-
ments obtained from a field survey with a mean + standard error
of the absolute differences of 1.9° +2.2° for dip calculation and
4.4° + 2.6° for the dip direction calculation.

The structure mapping and orientation analysis techniques out-
lined in this paper are particularly useful to map structures from
photogrammetric models of sites, which are normally inaccessible.

Table 1

Discontinuity (fault) segment orientation obtained with the traditional method and
our automated method.

Survey locations Field
measurement

Absolute
difference

Photogrammetry
measurement

Dip Dip direction Dip Dip direction Dip Dip direction

P1 82 0 88 355 6 5
P2 87 0 90 358 3 2
P3 87 8 87 4 0 4
P4 89 186 90 187 1 1
P5 89 182 87 189 2 7
P6 89 184 89 180 0 4
P7 88 183 90 180 2 3
P8 85 5 90 2 5 3
P9 86 180 86 185 0 5
P10 90 183 90 173 0 10

This includes remote sensing surveys of planetary geology, active
and inactive open pit mine sites, vulcanological surveys of hazardous
calderas or geological surveys of coastal and mountain cliffs. This
tool may be particularly useful to geomorphologists, mine geologists
and geotechnical engineers who are analysing for slope stability or
landslide hazard assessment.
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