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a b s t r a c t
Among the anthropogenic topographic signatures on Earth, open-pit mines are of great importance.
Mining is of interest to geomorphologists and environmental researchers because of its implication in
geomorphic hazards and processes. In addition, open-pit mines and quarries are considered the most
dangerous industrial sector, with injuries and accidents occurring in numerous countries. Their fast,
accurate and low-cost investigation, therefore, represents a challenge for the Earth science community.
The purpose of this work is to characterise the open-pit mining features using high-resolution topography
and a recently published landscape metric, the Slope Local Length of Auto-Correlation (SLLAC) (Soﬁa et al.,
2014). As novel steps, aside from the correlation length, the terrace’s orientation is also calculated, and a
simple empirical model to derive the percentage of artiﬁcial surfaces is tested. The research focuses on
two main case studies of iron mines, both located in the Beijing district (P.R. China). The main topographic
information (Digital Surface Models, DSMs) was derived using an Unmanned Aerial Vehicle (UAV) and
the Structure from Motion (SfM) photogrammetric technique. The results underline the effectiveness of
the adopted methodologies and survey techniques in the characterisation of the main mine’s geomorphic
features. Thanks to the SLLAC, the terraced area given by open-cast/open-pit mining for iron extraction is
automatically depicted, thus, allowing researchers to quickly estimate the surface covered by the openpit. This information could be used as a starting point for future research (i) given the availability of
multi-temporal surveys to track the changes in the extent of the mine; (ii) to relate the extent of the
mines to the amount of processes in the area (e.g. pollution, erosion, etc.), and to (iii) combine the two
points, and analyse the effects of the change related to changes in erosion. The analysis of the correlation
length orientation also allows researchers to identify the terrace’s orientation and to understand the
shape of the open-pit area. The tectonic environment and history, or inheritance, of a given slope can
determine if and how it fails, and the orientation of the topographic surface or excavation face, with
respect to geologic features, is of major signiﬁcance. Therefore, the proposed approach can provide a
basis for a large-scale and low-cost topographic survey for sustainable environmental planning and, for
example, for the mitigation of environmental anthropogenic impacts due to mining.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
Anthropogenic landscapes now cover a great deal of the Earth’s
surface (Ellis, 2004; Foley et al., 2005; Tarolli, 2014). In such
landscapes, the direct anthropogenic disturbance of surface morphology and processes is signiﬁcant (Ellis et al., 2006; Ellis, 2011;
Vanacker et al., 2014). The progressive increase in intensive farming, industrialisation and urbanisation, aimed at servicing the needs
of human populations, has transformed the natural landscapes by
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changing the topography, vegetation cover, physical and chemical properties of soil, and soil water balances (Tarolli et al., 2014).
The analysis of human-landscape interactions in anthropogenic
landscapes represents a challenge for better understanding the
evolution of our present-day environment. This analysis can contribute to steering integrated environmental planning towards
sustainable development, and can mitigate the consequences of
anthropogenic alteration (Tarolli et al., 2015). Among the most
evident landscape signatures of the human ﬁngerprint (e.g. road
networks and agricultural practices such as terracing), open-pit
mines are of great importance. Mining is an activity integral to
modern society that has a long history and occurs in a wide range of
geomorphic settings. Mining activities can have a signiﬁcant impact
on the geomorphology and hydrology of catchments, both dur-
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Fig. 1. Daye iron mine, Hubei Province (P.R. China); one of the largest open-pit mines
in Asia (Photo by Alex Chi – Panoramio® ).

ing mining and for many years post-mining (Hancock et al., 2008;
Herrera et al., 2010). According to Wilkinson (2005), humans move
increasingly large amounts of rock and sediment during various
construction activities, thus, becoming a geological agent. Mining
has also become of interest to geomorphologists and environmental researchers because of its implications for geomorphic hazards
and processes (Mossa and James, 2013). Open-pit mining imposes
severe ecological effects on the land, with alterations that affect
vegetation, soil, bedrock and landforms (Martín-Duque et al., 2010),
which contribute to changes in surface hydrology, groundwater
levels and ﬂow paths (Osterkamp and Joseph, 2000; Nicolau and
Asensio, 2000). In addition, open-pit mines and quarries are considered the most dangerous industrial sector, with injuries and
accidents occurring in numerous countries such as the United Kingdom (e.g. Foster et al., 2008), South Africa (e.g. Hermanus, 2007),
the USA (e.g. Esterhuizen and Gürtunca, 2006) and China (Zhangtao,
2010). A recent statistical study ranked Chinese coalmines among
the top three sources of fatalities in the country (Zhangtao, 2010).
Data for other developing countries are not available, but the media
provides some indication of the current status of the global mining
industry, painting a rather similar picture (Badri et al., 2011).
The assessment of open-pit mines as case studies is important,
considering that (1) mining signiﬁcantly affects the Earth’s surface and its related processes (e.g. erosion); (2) the increase in
raw-material demand connected to an increase in the population
(the global production of concrete, steel, aluminium, copper and
glass will signiﬁcantly increase by 2050 (Vidal et al., 2013); and
(3) only a few analyses are available in the Earth Science community discussing and quantifying the role of open-pit mines as
one of the major anthropogenic forcing (i.e. Osterkamp and Joseph,
2000; Nicolau and Asensio, 2000; Rigina, 2002; Martín-Duque et al.,
2010). Fig. 1 shows an example of an iron open-pit mine in China,
where the characteristic terraces that affect the landscape are
clearly visible, creating a signiﬁcant topographic signature.
Analysing open-pit mines through geomorphology, therefore,
can provide a useful framework both for an understanding of their
environmental effects, including changes in erosion-sedimentation
processes and soil properties (Wilkinson and McElroy, 2007),
and the design of the most appropriate strategies for reclamation (Toy and Hadley, 1987). In the last decade, a range of new
remote-sensing techniques has led to a dramatic increase in terrain
information, providing new opportunities for a better understanding of Earth surface processes based on geomorphic signatures
(Tarolli, 2014). Light detection and ranging (LiDAR) technology
(Slatton et al., 2007; Roering et al., 2013) and, more recently,
Structure from Motion (SfM) photogrammetry (Westoby et al.,
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2012; Fonstad et al., 2013; Javernick et al., 2014; Micheletti et al.,
2014; Prosdocimi et al., 2015) provide high resolution topographic
data with notable advantages over traditional survey techniques.
A valuable characteristic of these technologies is their capability
to produce sub-meter resolution digital terrain models (DTMs),
and high-quality land coverage information (digital surface models, DSMs) over large areas (Tarolli et al., 2009; Pirotti et al., 2012;
Passalacqua et al., 2014). LiDAR high-resolution topographic surveying is traditionally associated with high capital and logistical
costs, so that data acquisition is often passed on to specialist third
party organisations (Westoby et al., 2012). UAVs (unmanned aerial
vehicles) on the other hand, offer a remote sensing tool capable of acquiring high-resolution spatial data at an unprecedented
spatial and temporal resolution at an affordable cost (Westoby
et al., 2012). The scientiﬁc community is now providing a significantly increasing amount of analyses on the Earth’s surface using
UAVs in different environmental contexts (Jaakkola et al., 2010;
Watts et al., 2012; Colomina and Molina, 2014; Hugenholtz et al.,
2013; Woodget et al., 2015; d’Oleire-Oltmanns et al., 2012; Mancini
et al., 2013; James and Robson, 2014; Lucieer et al., 2014; MesasCarrascosa, 2014).
Although high-resolution data and UAV technology have been
increasingly used in the last few years, there are only a few published references related to their applicability in open-pit mining
(e.g. Francioni et al., 2015). Currently, geologists and mining engineers use simpliﬁed representations of slope geometry to assess
mineral resources, mining reserves, and ﬁnal pit layouts (Grenon
and Laﬂamme, 2011). At the same time, mining slope monitoring
is generally done using radar, geodetic prisms, visual observations
and other geotechnical instruments (Severin et al., 2014). Comparatively fewer studies have comprehensively examined the use
of remote sensing to map surface mine extent, especially through
time (e.g. Townsend et al., 2008). Therefore, the main goal of this
paper is to establish (and test) a rapid, low-cost methodology to
characterise the open-pit mining geomorphic features using UAVs
and digital terrain analysis based on SfM elevation data. A local
scale rapid geomorphologic characterisation of mines could be used
to support sustainable environmental planning and mitigate the
consequences of anthropogenic alterations due to mining.
2. Study area
The Miyun Iron Mine (Fig. 2a), located at Juge Town (117◦ 1 54 E,
40◦ 22 51 N) in the northeast suburb of Beijing and on the south
end of the Miyun Reservoir, is one of the largest mines in Beijing.
The mine covers an area of 17 km2 , making it one of the biggest
state-owned enterprises in Beijing, reserving more than 140 million
tonnes of iron ore. It was founded in 1959 and became operational
in 1970. As of today, the main product of the company is iron powder. In its early stage of construction, the mine was designed as
a multiple open-pit mine with potential for underground development as well. For more than 40 years, this mine hardly modiﬁed the
morphology of the area; a hill with an altitude of 240 m was turned
into a giant pit with a diameter of about 700 m and a bottom altitude of about −40 m. The ﬁeld sites considered in this study consist
of two opencast mines (mine I and mine II in Fig. 2b–c, respectively)
as part of the large Miyun Iron Mine area. The mine areas include
active extraction sites (about 1.6 km2 in mine I and 1.5 km2 in mine
II), administrative areas and small villages.
2.1. UAV data speciﬁcations
A UAV survey was carried out during the summer of 2014. The
aircraft used was a Skywalker X5 (Fig. 3). This is a small, ﬁxed
wing UAV, measuring 0.6 m in length, with a 1.2 m wing span. It
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Fig. 2. Location map of the Miyun Iron Mine (a) and pictures of the two analysed iron open-pit mines (Beijing District, P.R. China): mine I (b) and mine II (c).

weighs less than 2.5 kg and can ﬂy for up to 40 min using fourcell 3500 mah Li-Ion polymer batteries. The UAV, thanks to the
autopilot, can autonomously ﬂy along pre-deﬁned ﬂight paths and
take photos at certain intervals, while also radio-communicating

with a ground control system (GCS). From the UAV, colour photos
were acquired using a Sony QX100 camera (20.9 M pixel resolution) (Fig. 3) equipped with a Carl Zeiss 10.4–37.1 mm lens and 1.0
Exmor R CMOS sensor. Tables 1 and 2 show the ﬂight characteris-

Fig. 3. 3D-view of the point cloud with coupled RGB colours for the surveyed mines I (a) and II (b). In In addition, notice a detail regarding the UAV used for the survey over
the iron mining area and the mounted Sony Cyber-shot DSC-QX100 camera for the photograph collection.
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Table 1
UAV ﬂight plan over the two study areas.

Mine I
Mine II

Flight No.

Flight height
(relative)

Flight orientation

Flight A
Flight B
Flight C

250 m
200 m
250 m

N-S
N-S
E-W

Flight lines
8
12
9

Photo interval (m)

Stripes interval (m)

Overlap single
stripe (%)

Overlap between
stripes (%)

40
40
40

190
95
150

81.04%
76.33%
81.04%

40.06%
62.45%
52.37%

Table 2
UAV ﬂight speciﬁcations for the two study areas.

Mine I
Mine II

Flight No.

Photo count

Flight length (m)

Flight time (min)

Average speed (m/s)

GCPs

Flight A
Flight B
Flight C

499
488
516

20831
20172
21532

17
17
17.5

20
20
20

13
10
10

tics for both mines I and II; limited by the regulation and endurance
of the UAV, the survey was planned separately for the two sites.
Prior to image acquisition and survey, we calibrated the camera
and set high-accuracy ground control points (GCPs) (13 for Mine I,
and 10 for Mine II) using painted markings of 0.2 × 0.2 m width. For
better visibility, the GCPs were placed near artiﬁcial features and
measured using D-GPS before the survey.
2.2. Digital surface model
The SfM technique was applied to obtain a 3D georeferenced
point cloud from which a digital surface model (DSM) was derived.
The data were processed using the Agisoft PhotoScan® photogrammetric software package (v1.0.4, build1847, http://www.agisoft.
com/). The considered workﬂow comprised of the following main
steps: (i) image import, (ii) image alignment, (iii) georeferencing,
(iv) optimisation of image alignment and (v) creation of the point
cloud. After the alignment, all photos were oriented, and the raw
point cloud was georeferenced. Based on the estimated camera
positions, PhotoScan® calculates depth information for each camera to be combined into a single dense point cloud dataset. The GCPs
are then used to optimise the camera positions and the orientation of the data, which allow for better accuracy and reconstruction
results. Table 3 reports the georeferentiation errors calculated by
PhotoScan® along x, y and z axes for each 3D point cloud obtained
by the SfM methodology.
After producing the point cloud, points were further manipulated using the open source programme CloudCompare® (http://
www.danielgm.net/cc/). The points were further ﬁltered to remove
additional noise that typically affects these data, as also underlined by Javernick et al. (2014). In this case, the noise removal was
accomplished manually: outlier values were, in fact, clearly visible
as points completely outside the range of elevation values of the
mine sites.
Fig. 3 shows the 3D view of the SfM point cloud for the two investigated mines coupled with RGB colours. The elevation points were
then interpolated using the natural neighbour method (Sibson,
1981), which has already been proven useful for geomorphic analysis (Pirotti and Tarolli, 2010; Lin et al., 2013; Tseng et al., 2015), to
generate 1 m resolution DSM. The vertical accuracy (RMSE – root
mean square error – of elevation), evaluated by a direct comparison
with ground differential GPS (DGPS) elevation points, was estiTable 3
Georeferentiation errors (Root Mean Square Error -RMSE) calculated by PhotoScan®
along x, y and z-axes for each 3D point cloud obtained by the SfM methodology.

Mine I
Mine II

x (m)

y (m)

z (m)

0.14
0.14

0.15
0.15

0.16
0.13

mated in ﬂat areas to be about 0.1 m, which is in line with previous
works on UAV and SfM.
3. Methodology
3.1. Slope local length of auto-correlation
The characterisation of the open-pit mines is based on the morphological indicator proposed by Soﬁa et al. (2014): the Slope
Local Length of Auto-Correlation (SLLAC), which quantiﬁes the local
self-similarities of slopes. The SLLAC is mainly intended to identify elongated elements without considering their steepness, but
rather the variability and similarity of their slope. This work starts
from a DSM, where elements, such as vegetation and buildings,
are depicted; these elements might result in slope peaks on the
map. Therefore, the use of a parameter that does not consider slope
steepness is appropriate. After computing the slope as a derivative
of the biquadratic function proposed by Evans (1980), the SLLAC
is obtained using a moving window (kernel) approach. The procedure consists of two steps (Fig. 4): (1) the correlation ␥ (Fig. 4b)
is computed between a slope square template (T in Fig. 4a) and
its neighbouring area (W in Fig. 4a); (2) once the correlation map
is derived, it is possible to compute the characteristic length of
correlation (Fig. 4c).
The cross-correlation (Fig. 4b) is computed according to the formula described in Haralick and Shapiro (1992) and Lewis (1995):


(i,j) =


u,v

u,v

(W(i+u,j+v) − W i,j )(Tu,v − T )

(W(i+u,j+v) − W i,j )

2


u,v

(Tu,v − T )

2

0.5

(1)

assuming a neighbouring area W of a size M × M, and a square slope
template T of size N × N (Fig. 4), indices (i,j) are row and column
position of each pixel within W and they are valid in 1 ≤ i ≤ (M − N)
and 1 ≤ j ≤ (M − N), while indices (u,v) run across 1 ≤ u ≤ N and
1 ≤ v ≤ N. W̄ is the local mean slope of the neighbourhood W underneath the slope template T whose top left corner lies on pixel (i,j).
T̄ is the mean value of the slope patch.
By choosing a threshold of the cross-correlation map (Fig. 4b)
corresponding to the 37% of its maximum value (ISO 25178-2,
2013), we can derive the correlation length (Fig. 4c), which is, by
deﬁnition, the length of the longest line passing through the central pixel and connecting two boundary pixels in the extracted area,
which includes the central pixel (Fig. 4c).
In general, the size of the template (T) should be wide enough to
capture at least the change in slope between the terrace wall and
the terrace bench. Soﬁa et al. (2014) tested a ﬁxed size of the template (10 m × 10 m) and the moving window W (100 m × 100 m),
both on real and simulated DTMs having different terrace sizes,
proving, therefore, the robustness of the chosen measures, inde-
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Fig. 4. Example of the calculation of SLLAC for a single moving window (W). (a) For each moving window (W), a slope template T is identiﬁed, having the centre at the centre
of W. The cross-correlation between T and W is computed (b). The resulting map is thresholded at 37% of its maximum value (c). The length of correlation is then the length
of the longest line passing through the central pixel (blue dot) and connecting two boundary pixels in the extracted area connected to the central pixel. (d) Measurement of
the length orientation ␤(in this example, it is about −10◦ ).

pendent of the terrace size and shape. The same work showed
that increasing the size of the template and the kernel results in
an increase in the computational time; thus, changes in sizes are
not recommended. As a general approach, therefore, we applied
the kernels identiﬁed in Soﬁa et al. (2014) (100 m × 100 m for the
main moving window, and 10 m × 10 m for the slope template), as
they were proven applicable to various mountainous contexts and
terracing systems.
The SLLAC map can be further analysed using the Spc parameter
(Surface Peak Curvature), which allows users to uniquely characterise a surface (Stout et al., 1994). The Spc is deﬁned as for every
peak:
2

Spc = −

2

1 n ∂ z(x, y)
∂ z(x, y)
 (
)+(
)
2
2
2n i=1
∂ x
∂ y

(2)

In the equation, a peak is deﬁned as a pixel where all eight neighbouring pixels are lower in value, n is the number of considered
peaks, z corresponds to the analysed map value (in this case, the
SLLAC value), and x and y represent cell spacing (Stout et al., 1994).
3.2. Research novelties
After computing the correlation length (Section 3.1), we
approached the computation of the orientation of such length
(Fig. 4c). Determination of terrace orientation is, in fact, useful to
better integrate the work of the geomechanical group into the terrace’s creation process (Grenon and Laﬂamme, 2011). Focusing on
the region in the analysis, the orientation is the angle (in degrees,

ranging from −90◦ to 90◦ ) between the longest line passing through
the central pixel and connecting two boundary pixels and the xaxis (Fig. 4c). Knowing the orientation of the x-axis (in respect to
North), and that the ﬁbres in the SLLAC follow the orientation of
the anthropogenic structures, their orientation can be a proxy for
the orientation of the terrace’s walls with respect to the cardinal
directions, thus, providing a tool to analyse the shape of the mines
and the organisation of the terraces.
As a further innovation, in this work, we propose a simple empirical model able to derive the percentage of an artiﬁcial surface given
the Spc (Eq. (2)) value. According to Soﬁa et al. (2014), in fact, the
higher the Spc, the lower the area within the study site covered
by terraces. In the mentioned paper, the authors provided a simple
example of this relationship using only two simulated DTMs. When
working with a DSM, vegetation and buildings can be present in
the model; thus, it is important to account for a higher variation
of elevations, which can result in elevation isolated values whose
conformation could inﬂuence the SLLAC, determining a high Spc
also when terraces are present. Using a Monte Carlo simulation by
considering multiple random realisations of a DTM, it is possible
to account for the presence of different elements on the surface.
In a Monte Carlo simulation, each map is recognised as only one
possible realisation of the elevation surface, and multiple simulations can be used to quantify uncertainty through the evaluation of
statistics associated with a distribution of realisations (e.g. Lanter
and Veregin, 1992; Openshaw et al., 1991; Heuvelink et al., 1989;
Soﬁa et al., 2013). Having multiple SLLAC maps and derived values
of the Spc allows researchers to create a robust model that describes
the variation of this index as a function of the terrace coverage using
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Fig. 5. (a) An example of a synthetic DTM. The same DTM having terraces covering (b) 50% and (c) 100% of the area.

a mean Spc value from all the simulated DTMs for each percentage
of coverage. This can be considered a good estimate of the ‘true’
value of Spc caused by each speciﬁc coverage. Furthermore, the full
range of values allows for the deﬁnition of conﬁdence bounds for
this relationship, identifying its limit and validity.
Given the results of Soﬁa et al. (2014), where 10 DTMs were
simulated to analyse the variation of the Spc at the increasing of
the terraced area, we decided to replicate the procedure creating 100 random maps of natural landscapes; thereafter, we added
terraces covering pre-deﬁned areas (0–100%). We simulated the
synthetic DTMs using the same stochastic 2D multi-fractal random
ﬁeld (Schertzer and Lovejoy, 1989) using the same parameters considered by the original SLLAC work for the Mediterranean areas. The
morphology of the study sites considered in this work is, overall,
smooth, and the terraces of mining activities are similar to the agricultural Mediterranean terraces, following the mine contour lines,
and having narrow and ﬂat benches, and nearly vertical risers. The
presence of outlier elevation values (buildings, vegetation, etc.) can
be accounted for by considering the multiple random realisations of
the surface. See Schertzer et al. (2013) for a more detailed description of the algorithm and the ranges of values that each coefﬁcient
can assume. The coefﬁcient values were chosen arbitrarily, without any physical interpretation: their purpose is simply to create a
realistic dataset in terms of height ranges and morphology (Fig. 5a).
Once the 100 DTMs were created, we manually added terraces
using a posterization-like approach (Soﬁa et al., 2014). At ﬁrst, we
divided each map into 10 set intervals (covering 0–100% of the
area, Fig. 5b and c). Then, we progressively layered each interval
into steps, creating several regions of fewer values with abrupt
changes from one to the other. The abrupt changes were created
by collapsing all values in each region to their lower bound values.
Once all the maps were created, we computed the SLLAC and
the derived Spc and plotted the Spc values against the increasing of
the terraced areas. For further analysis, and to reduce the effects of
minor observation errors, we considered the Spc values binned in
10−2 m−1 intervals plotted versus the average percentage coverage
for each bin. For these binned average values, we created a model
representing the increasing of the percentage at the decreasing of
the Spc considering a polynomial approach. The main advantage of
polynomial ﬁts is that the data are reasonably ﬂexible. In addition,
the data are not too complicated, and they are linear, which means
the ﬁtting process is simple and can be easily implemented. The
data are robust to noise and measurement errors (Abo Akel et al.,

2007), and are not affected by truncation errors, round-off errors
or unstable systems (Ralston and Rabinowitz, 1978).
After different trials, we found that the most adequate values
were given by a third-degree polynomial in the form of:
Percart = p1 Spc3 + p2 Spc2 + p3 Spc + p4

(2)

where Percart is the percentage of an artiﬁcial surface within the
study site, Spc is the second derivative of peaks (Eq. (2)) and p1 to
p4 are empirical coefﬁcients. However, when increasing the degree
of the polynomial results in similar ﬁts, however, high-degree ﬁts
can become unstable; therefore, we selected the third degree as
optimal.
Fig. 6 shows the Spc for the simulated DTMs, the binned average values, the derived curve ﬁtting, the Spc for the Mediterranean
dataset (Soﬁa et al., 2014) and the conﬁdence interval, while Table 4
shows the values of the polynomial coefﬁcients.
To test the extent to which the Spc could identify anthropogenic
landscapes, we compared values using a Mann–Whitney test. We
deemed the Spc values obtained for the artiﬁcial landscapes areas
having more than 10% of a terraced surface, following Soﬁa et al.
(2014) as the basic populations, and we tested these values against
the values that we derived from our study areas.
4. Results and discussion
Fig. 7 shows the obtained SLLAC map for the two mines (a, b).
As expected, the SLLAC presents elongated elements (deﬁned as
ﬁbres in Soﬁa et al., 2014) that follow the mine terraces. These ﬁbres
are mainly located within the extraction sites (open-pits and yellow boundaries in Fig. 7), they are circular and well-organised, and
they follow the terrace walls. The two maps have a Spc of 3.8·10−2
and 3.9·10−2 m−1 , respectively. By comparison with the Spc of the
simulated DTMs having more than 10% terraced areas the same
threshold proven to be statistically signiﬁcant in Soﬁa et al. (2014),
the obtained p-value is about 0.2 in both cases, demonstrating that
the obtained Spc is statistically similar to the ones of the artiﬁcial
Table 4
Parameters of the polynomial ﬁttings obtained for the simulated landscape. The
coefﬁcients p1 –p4 refer to Eq. (2).
p1

p2

p3

p4

R2

2.402e + 07

−2.892e + 06

1.087e + 05

−1209

0.87
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Fig. 6. Spc for the simulated DTMs, the binned average values and the derived curve ﬁtting, as compared to the Spc for the Mediterranean dataset (Soﬁa et al., 2014). The
95% conﬁdence interval is also showen.

landscapes. By applying the polynomial function (Eq. (3)), we estimated a terraced surface of about 63% and 49% for the two sites,
respectively. If we consider the extent of mine I and mine II, we
can estimate a mine terraced area of about 2.1 km2 and 1.6 km2 ,
respectively. By measuring the mine area covered within the SLLAC
extent (the yellow boundaries in Fig. 7) from the aerial photo, we
can estimate a total terraced area of about 1.6 km2 (mine I) and
1.5 km2 (mine II). When considering mine II, the mine extent automatically identiﬁed from the SLLAC, is a suitable approximation of
the actual extent of the mines. When considering mine I, however,
there is a slight approximation of the values. This is because, in
the south-eastern part of the mine (see Fig. 3a), there are buildings
belonging to the mine company and long roads captured by the
DSM: these elements contribute to creating ﬁbres on the SLLAC. To
this point, one could expect long isolated roads to have a longer correlation length and a different organisation in the landscape than
that of a terrace. At the same time, short roads and areas with build-

ings would likely have a different organisation in the landscape,
which could be captured considering the orientation of the correlation length (more random orientations within smaller areas).
However, if we include the area in the open-pit mine, from the
aerial photo, we can measure a total anthropogenic surface of about
2 km2 , which is in line with the one estimated from the polynomial
approach.
By analysing, in detail, the SLLAC maps, we can observe that,
generally, areas within the open-pit seem to have higher correlation lengths with respect to areas outside the mine open-pit. Fig. 8
shows the boxplots of SLLAC for areas within the pit and areas
outside the pit.
In both mines, it appears that areas within the extraction sites
show a higher mean SLLAC (median is 43.4 m for mine I and 35.1 m
for mine II) when compared to the surrounding areas (median of
9.2 m and 11.7 m for mine I and mine II, respectively). In addition,
areas within the pits show a higher variability (higher interquartile

Fig. 7. SLLAC maps for mining sites I and II (a and b). The yellow boundaries represent the extent of the extraction areas within the mine sites.
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If we consider the orientation of the complete SLLAC maps
(Fig. 10a and b), it appears that the two study sites do not present
noticeable differences. Mine I (Fig. 10a) seems to have a more
prominent orientation in the direction of North–South. Mine II, on
the other hand, seems to have a more random orientation (Fig. 10b),
with a similar amount of ﬁbres leaning in all cardinal directions.
However, by focusing only on the orientation of those ﬁbres that
have a larger correlation length (SLLAC > SLLAC , see Fig. 9c and d),
the analysis of the orientation gives more useful insights. The terraces in mine I are clearly oriented in the North–South direction,
with fewer areas leaning in the East–West direction (Fig. 10c). This
could also be read as a measure of the shape of the mine: having
more ﬁbres leaning towards the North–South and fewer towards
the East–West implies an open-pit with a rectangular shape with
the longest side in the North–South direction. Instead, mine II
presents ﬁbres oriented in all cardinal directions, implying a more
round (or square) shape in the mine area, having sides with similar
lengths but opposite orientations.

5. Future challenges

Fig. 8. A boxplot of the SLLAC values considering the extraction areas (highlighted in
yellow in Fig. 7) as compared to the surroundings. (a) and (b) in the ﬁgure correspond
to mining site I and II.

range, as represented by the boxes in the boxplots). This is because
terraces have different physical lengths, lengths, which implies a
different correlation length as well. Areas outside the pits are covered with vegetation and present buildings, and these elements are
point-type elements or, generally, they present short and scattered
shapes: this results in short and irregular ﬁbres, having similar short
correlation lengths. Even if areas outside the pit show ﬁbres with
high SLLAC values, they are generally isolated elements that represent outliers in the SLLAC distribution, and are mainly related to
the presence of roads. As previously discussed (Fig. 8), it appears
that SLLAC values related to terraces are generally high; it appears
the terraces correspond to SLLAC values greater than at least one
standard deviation of SLLAC. Numerous studies in the literature
underlined how the use of a statistical threshold can be feasible
to detect peculiar morphologies on speciﬁc topographic parameters (see Tarolli (2014) for a full review). In this case, the standard
deviation threshold should be considered simply as an indicative
measure to label most of the ﬁbres related to the terraces within
the open-pits (Fig. 9).
Fig. 10 shows radar graphs displaying the orientation of the
correlation length, with respect to North, for the two mines, considering the whole maps (Fig. 9a and b), and the orientation only of
those ﬁbres having a SLLAC higher than one standard deviation of
the SLLAC map (Fig. 9c and d).

Mining regions undergo abrupt and extensive land use changes,
the impacts of which pose management challenges for mining companies and regulatory agencies (Sonter et al., 2014).
Accurate quantiﬁcation of the extent of mining activities is important for assessing how this land use can affect the landscape
(Townsend et al., 2008); the utility of interfacing remote sensing
and geographic information systems for effective environmental management of mining areas has already been emphasised
(Rathore and Wright, 1993). However, most mine studies are generally qualitative, and they are based mostly on the detection of
the changes in vegetation cover, rather than on the estimation
of the mine’s extent (see Townsend et al., 2008). This work provides a basis on which to automatically map the extent of mines
at a given time, which could be used as a starting point for future
research. For example, given the availability of multi-temporal surveys, it would be possible to track the changes in the extent of
the mine. In addition, we could relate the extent of the mines to
the amount of processes in the area (e.g. pollution, erosion, subsidence, etc.). As a ﬁnal step, it could be possible to combine the
two points and to analyse the effects of continued mining or mine
reclamation on surface processes through time in mining landscapes. Modern surface mining techniques using heavy equipment
can, in fact, produce dramatic ecological and hydrological alterations (Simmons et al., 2008). In addition, the orientation of the
topographic surface or excavation face with respect to geologic
features is of major signiﬁcance in mine studies, given that the
tectonic environment and history, or inheritance, of a given slope
can determine if and how it fails (Rose and Scholz, 2009; Stead
and Wolter, 2015). An adequate slope orientation determination is
necessary to better integrate the work of the geomechanical group
into the slope creation process (Grenon and Laﬂamme, 2011). Having a tool that automatically depicts the current main orientation
of the terrace could offer new strategies to compare such information with available geological data in order to better understand
the failure mechanisms when present; for example, to rule in or
out the geological component. In addition, based on the orientation of the slope faces and using the geo-structural data derived
from geomatic and engineering geological surveys, it could be possible to perform further analyses on slope stability (Francioni et al.,
2015). Finally, by analysing the geomorphological features of terraces in different orientations, anthropogenic or natural activities
that damaged the original terraces, such as landﬁlling, land-sliding
and crumbling, could be easily identiﬁed. The integrity and stability of the terrace from the quantitative analysis of DSM, integrated
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Fig. 9. Areas having correlation lengths larger than one standard deviation of SLLAC (a and b). The yellow boundaries represent the extraction areas where terraces are
present.

Fig. 10. Radar graphs of the orientation of the correlation lengths for the two mining sites, considering the overall SLLAC maps (a and b), and only those areas having a
correlation length greater than one standard deviation of the SLLAC (c and d).
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with available geological data and engineering data, can provide
powerful support for decision-making regarding slope protection
and mining plans.

6. Conclusions
A geomorphological characterisation of open-pit mining areas
can provide a useful framework for a better understanding of mining environmental effects (e.g. erosion), but could also be useful
when planning the most appropriate reclamation strategies. Along
this line, this paper proposes a characterisation of the geomorphic
features of open-pit mines using a rapid, low-cost methodology
based on a novel landscape metric, SLLAC, and high-resolution
topography derived by UAV and SfM. The results underline how
the use of very high-resolution imagery taken with UAV and,
afterwards, processed using the SfM technique, allows for the
obtainment of a precise DSM in near real-time and at a very low
cost. From this DSM, the analysis of the SLLAC and its derived
parameters allows for the correct depiction of terraces, their orientation, and the extent of the open-pit. By analysing the Spc
parameter and considering a polynomial approach that relates the
increase in the Spc and the decrease in the terraced surface, we
are able estimate the mine’s extent in an automatic way, providing results comparable to the manual measurement from aerial
photographs. Unfavourable combinations of directions of terraces
compared to the directions of the geological structures can produce several local instabilities. A detection of the directions of the
terraces, therefore, could provide useful information to be used in
in geologic analyses for risk assessment. The proposed methodology offers a ﬂexible tool to assess the mine’s state rapidly and
efﬁciently. Due to the UAV survey, the topographic information
can be collected at any stage of the mine’s life, and the proposed
characterisation techniques could be used for large-scale topographic surveys and to detect potentially unstable conditions of
slopes. Therefore, this could be a tool used to support sustainable environmental planning and to mitigate the consequences of
anthropogenic alterations due to mining.
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