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ARTICLE INFO ABSTRACT

Keywords: Informal small-scale mining is spread in many countries and provides livelihood to numerous families in rural
Alluvial areas yet often with devastating social and environmental impacts. The alluvial gold mining process in
Classification Colombia, also known as placer mining, involves excavations using heavy machinery and creates large footprints
Multispectral

of bare soil and mining ponds. The very dynamic nature of this extractive activity and its spread in rural and
remote areas make its mapping and monitoring very challenging. The use of freely available satellite data of the
Copernicus programme provides great new possibilities to study these activities and provides stakeholders in-
tegrated data to better understand the spatial and temporal extent of the activities and mitigate affected areas.
The objective of this work is to assess the potential of Sentinel-2 data to identify mining areas and to understand
the dynamics in landcover change over a study area located at the border of the municipalities of El Bagre and
Zaragoza in Bajo Cauca, Colombia. The study utilizes a classification approach followed by post-processing using
field knowledge on a set of images from 2016 to 2019. Sequential pattern mining of classified images shows the
likelihood of certain annual and seasonal changes in mining-impacted landcover and in the natural vegetation.
The results show a slight reduction in the detected mining areas from 2016 to 2019. On the other hand, there are
more mining activities in the dry season than in the wet season. Excavated areas of bare soil have a 50% chance
to remain in excavation over the considered period or they transition to non-vegetated areas or mining ponds.
Vegetation loss due to the extractive activities corresponds to about 35% while recovered vegetated areas are 7%
of the total excavated areas in June 2019. An analysis of abandoned sites using NDVI shows that it takes a much
longer period than the one considered in this paper for potential natural recovery of vegetation. Finally, the work
was disseminated among stakeholders and the public on MapX (https://mapx.org), an online open platform for
mapping and visualizing geospatial data on natural resources. It is a pilot study the will be the basis of the
analysis of more regions in the department of Antioquia.

Sequential pattern analysis

1. Introduction several of the United Nations’ Agenda 2030 for Sustainable Develop-

ment Goals (SDGs) (UN, 2019) including SDG1 (End Poverty), SDG3

Small-scale and artisanal mining occur in various parts of the de-
veloping world, where this mining provides livelihood to households
exceeding those provided by industrial mining (Carstens, 2017). Un-
fortunately, these extractive activities are mostly common in poor and
rural areas with relatively low monitoring or regulation. They can have
major environmental, health and social impacts, and have been known
to be at the heart of major armed conflicts just as in the case of Co-
lombia that illustrates the country's complicated links of armed conflicts
with drugs and gold mining (Power, 2002; Rettberg and Ortiz-Riomalo,
2016). Therefore, these extractive activities have major implications on
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(Good Health and Well-Being), SDG6 (Clean water and Sanitation),
SDG8 (Decent Work and Economic Growth), SDG12 (Responsible
Consumption and Production), SDG15 (Life on Land), and SDG16
(Peace and Justice; Strong Institutions).

In Colombia, two main small-scale and artisanal gold mining ac-
tivities are underground mining of veins and alluvial mining that is of
secondary deposits, i.e. gold particles that tend to concentrate in water
channels, giving rise to “placeres auriferos” (Bustamante et al., 2016;
Rettberg and Ortiz-Riomalo, 2016). Small-scale placer land mining uses
machinery and creates a large footprint. However, artisanal or
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subsistence mining does not include machinery where gold particle are
separated through panning (Ministerio de Minas y Energia, 2016).
Nowadays, artisanal mining can take place along the rivers or in ponds
created by small-scale miners. Alluvial gold deposits have been his-
torically relatively simple to mine using inexpensive technology since
the gold is present as free separate particles (Teschner et al., 2017).
With the major increase in gold mining, heavy machinery is allowing
for larger exploitation of deposits of lower grades, including re-mining
of abandoned mining areas that had been exploited in the past with less
elaborate equipment. Alluvial gold mining, or placer gold mining, can
take place on land, resulting in a footprint of bare soil and ponds, but it
can also be dredging activities in water bodies without a lasting visible
impact. Due to the complexity of these types of activities, a good esti-
mation of legally produced gold has not been possible. Yet, companies
affiliated with the Association of Large-Scale Mining (Asociacién del
Sector de la Mineria a Gran Escala) have been reported to contribute to
12% to the total national gold production (Bernal, 2016) confirming
that the majority of gold produced in Colombia is from informal small-
scale alluvial mining (UNODC, 2018).

Evidence of implications on various SDGs in Colombia can be traced
through the threats of placer mining where the great footprint of
mining activities impacts the landscape, modifies slopes in rivers, leads
to major deforestation, forms large degraded areas with major dis-
turbance to soil structure and composition, and leads to the loss of
habitat and connectivity of biological species (Cordy et al., 2011;
Vargas, 2012; Andres et al., 2018; Lara-Rodriguez, 2018; Betancur-
Corredor et al., 2018; UNODC, 2018). Furthermore, it destroys natural
wetlands that have an important role in providing habitat to wildlife,
provide protection during storms, and allow the improvement of water
quality (Martinez, 2018; Chen et al., 2019). The health hazards
throughout the mining process are many including the lack of stability
of the mine excavations, the inhalation and ingestion of mercury, and
heavy metal accumulation and biomagnification in the environment
(Smith et al., 2016).

Earth observation can greatly contribute to tackling humanitarian
issues (Boyd et al., 2018), and in this case identifying and assessing
areas impacted by small-scale placer mining. Multispectral data has
been analyzed with various approaches that are either pixel-based or
object-based and have both shown great potential in the mapping of
placer mining and its impacts (Myint et al., 2011). The ability of
Landsat, for example, in contributing to this field was illustrated in the
identification of artisanal and small-scale gold mining and in the ana-
lysis of landscape change in Indonesia (UNITAR, 2016). Landcover
change was considered between pairs of images that were 10-years
apart. Furthermore, Landsat was also used to identify the impact of
small-scale mining in Ghana through the change detection of supervised
classification of six landcover classes using eight images from 1998 to
2016 (Obodai et al., 2018) with a pixel-based approach. Furthermore,
multispectral imagery acquired by Pleiades and SPOT were used to
identify small-scale mining footprints in the Philippines while utilizing
an object-based supervised classification (Isidro et al., 2017). Analysis
using Earth observation has not only been limited to the detection of
mining areas but also has allowed the identification of specific impacts
of these activities. For example, Landsat data was utilized in Indonesia
and Brazil to address landcover change to estimate mercury use in gold
production (Telmer and Stapper, 2007). UK-DMC2 satellite acquisitions
were used to map the expansion of gold mines in Ghana in the cocoa
growing area (Snapir et al., 2017), and IKONOS and WorldView-2 were
used as a basis to identify land-grabbing in Ghana due to the recent gold
rush (Hausermann et al., 2018). Pixel-based approaches have been the
most utilized and have proven great capabilities, yet they can face the
challenge in mapping mining-related landcover due to the presence of
similar spectral reflectance signatures that can lead to misclassification
(Myint et al., 2011). On the other hand, object-based classification
detects features that are aggregates of pixels, yet segmentation errors
could dramatically affect their results (Liu and Xia, 2010). Furthermore,
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deep learning techniques have been utilized to quantify the carbon
emissions in Amazonia due to small-scale mining in Peru using com-
mercial high resolution satellite remote sensing and airborne LiDAR
(Csillik and Asner, 2020). For Colombia, areas that host informal allu-
vial mining activities are being mapped in a two-year interval with a
two year reporting period using optical remote sensing with data ac-
quired by Landsat 8 and Unmanned aerial vehicles (UAVs) (UNODC,
2018). The latest 2018 report thus describes results obtained in 2016
and compares with results of 2014. The report covers the entire coun-
try's alluvial mining areas and shows an increase of 6% in affected areas
from 2014 (79,000 ha) to 2016 (84,000 ha). The municipality of Zar-
agoza, in Bajo Cauca, was found to be one of the major impacted areas
(UNODC, 2018).

Even with the shown great potential of the use of Earth Observation
to detect, map, assess impacts of placer mining, the work with this data
has been limited, and the use of the new data acquired by the
Copernicus program has not been well tapped into. The Copernicus
program of the European Space Agency provides free continuous data
from passive and active sensors. Sentinel-2 is a mission of two satellites,
launched in 2016, hosting the Multispectral Instrument (MSI), pro-
viding imagery with a spatial resolution of 10m, 20m, or 60m de-
pending on the band (Drusch et al., 2012). With this free data at a
relatively high spatial resolution and high revisit time provided by the
twin satellites, Sentinel-2 has the potential to provide much more in-
depth understanding and monitoring possibilities of the highly dynamic
small-scale mining activities. With Sentinel-2's 10 m resolution, a tra-
deoff could be achieved between the use of Landsat's 30 m resolution
and expensive imagery of higher resolutions as it is enough to detect
mining ponds.

This paper aims to utilize this free data of Sentinel-2 to identify
mining areas and to understand the dynamics in landcover change over
a study area located at the border of the municipalities of El Bagre and
Zaragoza in Bajo Cauca, Colombia. To overcome the constraints of
pixel-based and object-based approaches, the study utilizes a pixel-
based approach followed by post-classification processing using field
knowledge to overcome challenges in misclassification of classes with
similar reflectance signatures. The mapping aims to achieve an in-depth
understanding of spatial and temporal variations of the landcover in the
area, with the focus on areas impacted by mining activities. Image
processing techniques used for this purpose are supervised classification
and sequential pattern mining of classified images. Finally, the work is a
pilot case that also includes data dissemination on the online open
source platform MapX (https://mapx.org). MapX has been developed
by the United Nations Environment Programme (UNEP) and UNEP/
GRID-Geneva (https://unepgrid.ch). It is an online open platform for
mapping and visualizing geospatial data on natural resources.

2. Study area and dataset

Bajo Cauca region in the department of Antioquia is one of many
highly resourceful areas of Colombia. This region is comprised of six
municipalities and includes rivers that contain the riches of alluvial
gold, making the region a major source of gold. With the increase in the
price of gold since 2000, informal mining increased dramatically
(Garcia et al., 2015; Council, 2018; Betancur-Corredor et al., 2018).

The study area of focus is a region at the border of El Bagre and
Zaragoza municipalities (Fig. 1) and includes the central part of the
town of El Bagre, in the department of Antioquia, Colombia. It has a
tropical climate with frequent high cloud coverage. The precipitation in
Antioquia ranges between 1,500 and 4,000 mm per year. Bajo Cauca is
one of the areas of highest recorded rainfall ranging between 2,500 and
5,000 mm per year (source: http://atlas.ideam.gov.co/
visorAtlasClimatologico.html), where it experienced two seasons: (i)
dry from December to March and (ii) rainy the rest of the year (IDEAM,
2019). Flooding of the Nechi river is not uncommon in the rainy season
in the surroundings of El Bagre (Dane, 2011).
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Fig. 1. The study site in RGB view with Sentinel-2's acquisition on December
30, 2018.

Two field visits to the study area were on 28/11/2018 and 18/02/
2019. Various active and abandoned mining areas were visited, both
formal and informal. Photos, GPS measurements, and interviews with
the miners were carried out. Six Sentinel-2 images with no cloud cover
over the study site were chosen from 2016 to 2019 acquired on (DD/
MM/YYYY): 08/07/2016, 03/07/2017, 23/06/2018, 30/12/2018, 24/
01/2019, and 18/06/2019. They were downloaded from the
Copernicus hub (https://scihub.copernicus.eu/) then were atmo-
spherically and radiometrically corrected to Level-2A using Sen2Cor
(Louis et al., 2016). There are twelve bands of the Sentinel-2 Multi-
spectral Instrument (MSI) reported after atmospheric correction. Four
bands are in the visible part of the spectrum: two blue bands (B1 and
B2), one green (B3), and one red (B4) centered at 443 nm, 490 nm,
560 nm, and 665 nm, respectively. The remaining bands cover the near-
and short-wave infrared (NIR and SWIR) parts of the spectrum with
eight bands namely B5 (705nm), B6 (740nm), B7 (783nm), B8
(856 nm), B8a (842nm), B9 (940nm), B11 (1,610nm), and B12
(2,190 nm).

3. Methodology
3.1. Overview

The methodology involved a classification approach of Sentinel-2
data and a post-classification approach using field knowledge. Thus,
understanding the mining process is essential in order to create suitable
decisions and rules for the post-classification process and for validation
purposes. Land placer mining requires the excavation of a large pond
using mechanical excavators (typically 60 m by 30 m) that is filled with
water from a nearby water body. Most commonly, this requires
pumping of the water using gasoline-powered pumps (Fig. 2). The ex-
cavated material is mixed in the partially filled pond with the added
water to form an ore slurry. This slurry is used to wash the ore as the
slurry arrives to the sluice box using pressurized pumps. The washing is
carried out over sluices lined with a “miner's carpet” (locally referred to
as Tapete Brasiero or Felpa Brasilera) that collects the gold particles as
they have a higher density than the other sediment particles. The water
is then circulated using pumps until most of the gold is extracted. The
process can take up to 3 months per location (based on personal com-
munication with alluvial miners in El Bagre and Zaragoza, Colombia,
December 2018). The miner's carpet is washed regularly in a bucket or
concrete washing unit where the gold particles are collected. Even in a
low-grade mine where the carpet could take weeks till it requires
washing, miners wash it regularly due to fear of theft. After the washing
of the carpet, the material can be panned by hand to separate the gold;
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in informal mining, mercury is often used in this step to improve the
capture of the finest particles. With the banning of the use of mercury in
July 2018, its price has increased. The interviewed formal and informal
miners during field visits in November 2018 and February 2019 re-
ported that they did not use mercury in the process anymore. Mercury
has been the most popular to form an amalgam of gold, separating it
from other particles. This amalgam is then heated to achieve a rela-
tively pure form of gold through the burning of the mercury.

Even though this gravitational system could have a relatively high
gold recovery rate (Teschner et al., 2017), the impact of these activities
is very high. Both formal and informal land placer mining use similar
equipment and carry out similar processes. The main difference is the
requirements of mitigation and accountability for formal excavations.
For a formal mining activity, a mining and environmental license is
required that includes a program of works (Programa de Trabajos y
Obras — PTO) and obliges the miners to restore impacted areas. In
Zaragoza and El Bagre, miners (formal and sometimes informal) who
restore the land tend to fill up the created ponds after halting mining
activities and attempt to plant acancia mangium and rubber trees or
experiment with plants of household use such as herbs and vegetables.
In the region under study, mining titles cover the majority of the land.
Yet, the presence of mining titles does not reflect formal activities on
the site where a PTO is also required. Furthermore, areas with mining
titles can be occupied by informal miners if access is possible.

The approach used for the identification of mining sites using
Sentinel-2 includes the detection of affected land and mining ponds in
their proximity. With the size of the ponds being relatively small, only
the 10 bands of 10 m and 20 m resolution were used for analysis. Image
bands of 20 m resolution were resampled to 10 m pixel size, and images
were co-registered and subsetted to cover the study area. Then, the
methodology involved these major steps: (a) a supervised classification
of the data was carried out to extract 4 major classes from the time
series; (b) post-classification processing was used to improve results and
create more classes of interest that are not seperable only based on
surface reflectance; (c) sequential pattern mining was used to analyze
the temporal change in land cover in the area over the last four years;
and (d) significant changes in the landcover were mapped and quan-
tified including an NDVI analysis of regeneration of vegetation in
abandoned mining sites.

3.2. Classification of Sentinel-2 images

3.2.1. Support vector machine classifier

Four relatively broad land cover types were considered for the
classification, namely “mining areas”, other “non-vegetated areas”,
“vegetated areas”, and “water”. A supervised classification approach
was carried out using the support vector machine classifier (SVM). SVM
is a powerful and popular classifier based on statistical learning theory
and does not require a-priori assumptions regarding the underlying
probability density functions of its classes, thus, it is referred to as a
non-parametric supervised classifier. SVM has proven to be advanta-
geous for remote sensing applications as it is effective in high dimen-
sional spaces with limited and unbalanced training data (Pedregosa
et al., 2011; Mountrakis et al., 2011; Ibrahim et al., 2017). It aims to
identify the location of decision boundaries that produce the optimal
separation of classes through determining a suitable hyperplane (Smola
and Olkopf, 2004; Pal and Mather, 2005; McInerney et al., 2019;
Kranjcic et al., 2019).

A linear SVM assumes that the multi-spectral feature data, such as
spectra of Sentinel-2, are linearly separable in the input space. Yet,
since this assumption is rarely valid in practice, new approaches were
used such as “kernels” that add additional variables to improve the
separability (Mountrakis et al., 2011). For this study, the SVM was
trained with a Radial Basis Function (RBF) kernel or Gaussian kernel as
it allows the samples to be projected nonlinearly into a higher dimen-
sional space. Another advantage of using RBF kernels is the use of cross-
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Fig. 2. Overview of the mining setting captured at one of the few formal mines in December 2018.

validation and the grid-search approach to obtain the optimal para-
meters for the highest overall accuracy. The two main considered
parameters are “gamma” and “C”. Gamma reflects the spread of the
kernel, i.e. the decision region, where the curvature of the decision
boundary is low with lower values of gamma. This results in a relatively
broad region of decision. On the other hand, C expresses the penalty for
misclassifying data. It creates a tradeoff between correct classification
and maximizing the decision function's margin. As C decreases, a larger
margin is expected, yet a lower accuracy results (Pedregosa et al.,
2011). The classification in this paper was carried out using the open-
source libraries of “Scikit-learn: Machine Learning in Python”
(Pedregosa et al., 2011). Classification accuracy was then reported as
precision value Pr = T/(T + F), where T is the number of true positives
and F the number of false positives.

3.2.2. Reference spectra

Based on the field visits, a selection of reference spectra from the
image acquired on the 30" of December, 2018 was carried out for each
of the four classes of interest. Table 1, Fig. 3 give an overview of the
land coverage included in each class and the number of available re-
ference spectra. These reference spectra were also the training dataset
for all the considered images in this work. It can be noted that ex-
cavations have higher surface reflectance than other types of non-ve-
getated areas and can in many cases be even identified through visual
interpretation.

3.2.3. Post-SVM processing

With a pixel-based approach to the classification, possible classifi-
cation errors can be present due to similarity in reflectance signatures
of pixels in different classes, in this case, especially MineBare and
NonVeg classes. Furthermore, in order to distinguish important and
new classes such as mine ponds, additional information such as the
proximity of water bodies to MineBare pixels and the size of these
bodies should be included. Thus, a post-classification refining approach
was carried out using QGIS as follows (a summary is shown in Fig. 4):

® The river is identified: The Nechi river is the single continuous
spatial unit in the images and is identified through the vectorization
of water bodies (Water class). Then, a buffer of 20 m along the river
is considered to include mixed pixels of the river banks. Finally the

Table 1
Overview of reference spectra.

Class Included land-cover Number of reference
spectra
MineBare Bare soil in mining areas 419
NonVeg Other non-vegetated areas including 784
built areas
Water River, wetlands, and mining ponds 626
Veg Vegetated areas including forests 1020

buffered river is separated from isolated water bodies.

e Proximity of MineBare to isolated water bodies: To include mine
ponds in the direct proximity or within the MineBare zone, a buffer
of 30m is created around BareMine areas, so it would intersect or
include these ponds that are typically 30m X 60m in size. This
buffer serves two purposes: (a) identifying mining ponds that are
isolated water bodies intersecting with the buffered area, and (b)
exclusion of any classified pixels in the MineBare class that are not
in the proximity of a mining pond to remove false positives that
should belong to the NonVeg class.

3.3. Sequential pattern mining of the temporal series

To uncover temporal attributes in a large dataset, sequence mining
has played an important role, especially with a large search space
(Parthasarathy et al., 1998; Zaki, 2001; Huynh et al., 2018). Sequential
pattern mining has had various applications including Earth observa-
tion where temporal information is involved (Wu and Zhang, 2019) and
contributed to a better understanding of temporal change patterns. In
this paper, a pixel-class-based method is considered to extract sequen-
tial patterns from the Sentinel-2 temporal data, where a sequence is a
chronologically ordered listing of classes.

The classified images are used as the input space where each pixel
represents a class at a certain time. The pattern mining reveals the
frequency of temporal sequences of these classes considering the six
classes and that each pixel can belong to only one class per image (i.e.
at a specific time). The approach used to find patterns in the sequences
was Sequential PAttern Discovery using Equivalence classes (SPADE) as
it is efficient and not sensitive to data-skewness (Zaki, 2001; Huynh
et al., 2018). SPADE finds the frequent sequences and provides in-
formation regarding the relationship among the different items in the
sequence. Thus, “confidence” is reported and it indicates the likelihood
that the sequential rule occurs among specific items, while “support”
refers to the fraction of sequences that contains a considered sequence
(Zaki, 2001), in other words, it is the number of sequences where a
pattern occurs divided by the total number of sequences in the input
database. SPADE was applied using the “arulesSequences” version 0.2-
22 in R Programming (Diaz and Buchta, 2019).

3.4. Analysis of significant changes

With the analysis of sequences, a change detection of important
sequences is considered. Specifically, areas that were mined con-
tinuously through the considered period are detected. Furthermore,
areas that were transformed from vegetated areas to mined areas are
revealed. Finally, areas that transformed from mining areas to non-
vegetated areas are analyzed to assess their level of vegetation re-
generation using the Normalized Difference Vegetation Index (NDVI),
NDVI = (NIR — RED)/(NIR + RED) where NIR is B8 (856 nm) and RED
is B4 (665nm) of the Sentinel-2 data. NDVI has been shown to be a
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Fig. 3. Reference spectra of the four considered classes.

valid indicator for vegetation monitoring in mining areas, where prior
to mining a vegetated area, NDVI is at its highest values. Yet, once areas
are excavated and the vegetation cover is lost, NDVI is relatively low
and increases back with rehabilitation and revegetation (Yang et al.,
2018). Thus, a comparison of NDVI values for areas mined at different
periods of time can provide an indicator of the time-frame required for
a disturbed areas to regain its vegetation cover.

3.5. Dissemination using MapX

For extractive activities to achieve environmental sustainability and
have a positive social impact, legislation requires updated and in-
tegrated information to make informed decisions. This includes locating
mining sites and understanding their disturbance and impacts.
Furthermore, for any recovery or mitigation plan to be successful, it is
important to understand the dynamics in the mined areas and the time
it might take the natural vegetation to recover. Field monitoring
methods limited to traditional in-situ techniques are limited in spatial
and temporal coverage and are relatively expensive. Earth observation
offers great opportunities in this regard (Yang et al., 2018).

In order to maximize the availability of data and results to stake-
holders along with other spatial data available for Colombia, MapX, an
online information and engagement platform, is utilized to integrate
data and reduce the data fragmentation problem facing authorities all
over the world. The idea of MapX originated from the G7 + countries so
that stakeholders of the extractives sector can have the tools needed for
informed decision-making, good governance, and conflict prevention.
This requires a consolidation of data, analysis, and spatial visualization
of environmental data, etc.

MapX aims at: (1) aggregating data at various geographical scales
(from site to global); (2) authenticating data integrity using a score

card; (3) visualizing and analyzing data using both client side or service
applications; and (3) communicating this data using, for example, data
dashboards and dynamic story maps for further prioritization and ac-
tion. In MapX the geospatial layers can be grouped into dedicated
spaces which can be public or private depending on their level of
confidentiality. Furthermore, MapX offers a graphical interface in dif-
ferent languages including English and Spanish in order to circumvent
language barriers (Atibu et al., 2018; Lacroix et al., 2019).

4. Results
4.1. Classification results

The image of 30/12/2018 was classified using the SVM classifier
and standardized reference spectra. A grid search was used to de-
termine the suitable parameter values where gamma = 1 and C = 100
for the RBF kernel were optimal for this work. A three-fold cross vali-
dation was carried out resulting in an average Pr = 0.978 ( = 0.034).
Then, all other images were classified with the same reference spectra.
The resulting classification is shown in Fig. 5. Even though the classi-
fication accuracy is high, several expected false positives are identified
in the built area and of the Nechi riverbank sediment of high reflectance
that are classified wrongly as MineBare. The post-SVM processing re-
sulted in the removal of false positives through the identification of
mine ponds and corrected mining areas to be limited to those in the
proximity of mining ponds (Fig. 6).

4.2. Sequential pattern mining of the temporal series

For the sequential analysis, two sets of four images were used: (a)
for an annual temporal analysis, images acquired in months 6 or 7 of

SVM Classification ‘

I l

MineBare ‘ | Water ‘ NonVeg ‘ ‘ Veg ‘
Isolated water River
bodies
(Corrected) g Other isolated (Corrected)
MineBare Mining ponds water bodies NonVeg Veg

Fig. 4. Summary of post-processing class decision tree; the final created classes are in green. (For interpretation of the references to color in this figure legend, the

reader is referred to the web version of this article.)
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Fig. 5. SVM classification results of Sentinel-2 imagery.

2016, 2017, 2018, and 2019, thus with approxamtely a 12-month
timestep; (b) for a seasonal temporal analysis, the image series acquired
in 2018 and 2019 was used, thus having time-steps of 6 months, 1
month, and 5 months. Therefore, for the 6 classes, 4 images in two sets
are analyzed, with each image containing 606,886 pixels, the reported
sequences in this paper are those with a sufficient number of occur-
rences that are higher than the defined threshold of support = 0.001,
thus a sequence is to appear in more than 0.1% of all sequences in the
input data to be reported in the results.

4.2.1. Annual temporal analysis

A set of 134 sequences are reported and have a minimum support of
0.001, median support of 0.004, and maximum support of 0.8. The most
frequent items appearing in these sequences is class NonVeg indicating
high changes in that class with a relatively high number of pixels (a)
NonVeg: 87 appearances, (b) Veg:55 appearances, (c) MineBare: 31
appearances, (d) IsolatedWater : 29 appearances, (e) MinePonds : 28 ap-
pearances, and (f) River: 26 appearances.

A subset of the 12 sequences is shown in Table 2 where the selected
supports in the table are those higher than 0.05. The highest supports
reflect the dominant presence of vegetated areas with the sequence
Veg — Veg — Veg — Veg and its subsequences Veg— Veg— Veg and
Veg — Veg showing a 50% to 70% chance that vegetated areas in the
area in 2016, 2017, and 2018 remained vegetated in 2019.

Table 3 shows an extract of the sequences starting with MineBare in
2016. The supports are relatively low, yet this is expected as MineBare
has overall smaller coverage than the other classes. The relative values
of the support indicate the most frequent sequences. The sequences
confirm that there is approximately a 50% chance that mined areas
remain classified as MineBare in the proceeding years. The sequences
also show that mined areas typically transition to the NonVeg class or in
several cases to the MinePonds class. No considerable transition from
MineBare to Veg.

4.2.2. Seasonal temporal analysis
A set of 123 sequences are reported and have a minimum support of
0.001, median support of 0.005, and maximum support of 0.78. The

most frequent items appearing in these sequences is class NonVeg, and
the least is the River as follows: (a) NonVeg:83 appearances, (b)
Veg:42  appearances, (c) MineBare:28  appearances, (d)
IsolatedWater : 26 appearances, (e) MinePonds : 22 appearances, and (f)
River : 27 appearances.

A subset of the 9 sequences is shown in Table 4 where the selected
supports are those higher than 0.01. The results show a decrease in the
support of consistent vegetation and an increase in the transition be-
tween vegetated and non-vegetated areas (sequence Veg — NonVeg —
Veg) mainly due to the dry to wet seasonal change reaching at 55%
chance of change. Table 5 shows that there is a 50% to 60% chance that
MineBare will remain classified as that class or can change to NonVeg
class.

4.2.3. Selected change detection

Fig. 7 shows the detected mined areas covered by MineBare and
MinePond classes and their variations throughout the years and the
seasons from mid 2018 to mid 2019. The considered sequences are all
those with MineBare and MinePonds existing in the four images con-
sidered for the annual analysis. It can be noticed that there is a re-
duction in the detected mining areas from 2016 to 2019. On the other
hand, there is more mining activity in the dry season than in the wet
season, as expected i.e. dry season in December 2018 and January
2019. The non-increase in mining operations is not surprising for the
area due to increased control of illegal mining activities in the area over
the last few years, such as the latest in January and May 2019 reported
here: https://sostenibilidad.semana.com/medio-ambiente/articulo/
golpe-a-mineria-ilegal-en-antioquia/42703 and https://www.policia.
gov.co/noticia/intervencion-mineria-ilegal-cauca-antioqueno.

Fig. 8 show persistent mining areas from 2016 to 2019 and is
equivalent to 0.4km? Considering the areas mined in June 2019
reaching 1.44 km?, persistent mining accounts for approximately 28%
of the total mined area. This persistence captures the behavior of the
miners where there can be subsequent excavations by different informal
groups. Fig. 9 shows the areas transformed from vegetated areas to
mining areas, showing that a total of vegetated areas of about 0.5 km>
has been lost to mining activities since 2016, corresponding to about
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Fig. 6. Post-SVM processing results of S2 imagery.

Table 2 Table 3
Sequences with support higher than 0.05. All sequences starting with class MineBare in the 2016 image.
08/07/2016 03/07/2017 23/06/2018 p18/06/2019 Support Confidence 08/07/2016 03/07/2017 23/06/2018 p18/06/2019 Support Confidence
Veg Veg 0.7531  0.9386 MineBare NonVeg NonVeg 0.0138 0.6121
Veg Veg Veg 0.6820  0.9057 MineBare MineBare MineBare 0.0083  0.4733
Veg Veg Veg Veg 0.5204 0.7631 MineBare MineBare NonVeg 0.0074  0.4217
NonVeg NonVeg 0.2328  0.5593 MineBare MineBare MineBare MineBare 0.0040  0.4891
Veg NonVeg 0.1983  0.2472 MineBare NonVeg NonVeg NonVeg 0.0040  0.2890
NonVeg Veg 0.1868  0.4489 MineBare MineBare NonVeg NonVeg 0.0032  0.4284
NonVeg NonVeg NonVeg 0.1438 0.6179 MineBare NonVeg MineBare 0.0026  0.1154
Veg Veg NonVeg 0.1209  0.1605 MineBare MineBare MineBare NonVeg 0.0017  0.2022
NonVeg Veg Veg 0.1106  0.5922 MineBare MinePonds NonVeg 0.0010  0.4469
NonVeg NonVeg NonVeg NonVeg 0.0849  0.5904
Veg NonVeg Veg 0.0757  0.3820
NonVeg Veg Veg Veg 0.0503  0.4549
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Table 4
Sequences with support higher than 0.01.
23/06/2018 30/12/2018 24/01/2019 pl8/06/2019 Support Confidence
Veg Veg 0.7263  0.9256
Veg Veg Veg 0.6481 0.8922
Veg Veg Veg Veg 0.4956  0.7647
NonVeg NonVeg 0.2716  0.6095
Veg NonVeg 0.2381  0.3035
NonVeg Veg 0.2018  0.4527
NonVeg NonVeg NonVeg 0.1732  0.6376
Veg NonVeg Veg 0.1303  0.5474
Veg Veg NonVeg 0.1276  0.1757
Table 5
All sequences starting class MineBare in mid 2018.
23/06/2018 30/12/2018 24/01/2019 pl8/06/2019 Support Confidence
MineBare MineBare MineBare 0.0125  0.6480
MineBare MineBare NonVeg 0.0073  0.3778
MineBare NonVeg NonVeg 0.0073  0.3989
MineBare MineBare MineBare MineBare 0.0063  0.5029
MineBare NonVeg MineBare 0.0040  0.2207
MineBare MineBare MineBare NonVeg 0.0019  0.1547
MineBare NonVeg NonVeg NonVeg 0.0015  0.2098
MineBare NonVeg MineBare NonVeg 0.0014  0.3534

35% of active mining areas and ponds of June 2019. On the other hand,
Fig. 10 shows the areas that have been recovered to vegetated areas
from mining activities, and that they correspond only to about 0.1 km?
mainly for areas that halted mining in 2016, thus accounting for 7% of
the total excavated areas in June 2019. As mining persisted in 2017 and
2018, fewer areas recovered, showing that the impact of mining re-
quires a much longer period for potential natural recovery since the
majority of the activities are informal where miners do not mitigate the
land once activities are stopped.

4.2.4. Vegetation regeneration

As the sequential patterns revealed, major sequences contained a
transition of MineBare to NonVeg classes. Thus, in order to assess the
progress of revegetation of mined areas, it is of interest to consider
vegetation signature change in these transition areas. Areas that were
classified as NonVeg areas on 18/06,/2019 while classified previously as
MineBare were compared using NDVI. Higher NDVI reflected an in-
crease in vegetation cover, where a lower value shows a decrease. NDVI
values of these areas were also compared to MineBare areas and Veg
areas of the same image (Fig. 11). The results show that the average
NDVI value of these areas is higher than MineBare areas. Also, they
show an increase in average NDVI values with older transformations
from MineBare to NonVeg, i.e. increase in NDVI the older the halt of
mining activities. Yet in a two-year period, NDVI is still much lower
than average NDVI of areas classified as vegetated areas. Thus, the
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natural recovery of the mined areas surely requires more than two years
since the stop of mining activities.

5. Implications for stakeholders

The sustainable use of natural resources is essential for all stake-
holders in the mining sector. Informed dialogue, decision making, and
monitoring are the foundation for sustainability objectives and can only
be achieved through transparency and the equalization of information
at the level of individual mining sites. Copernicus satellite acquisitions
can greatly contribute to that through the free-access to high quality
geospatial information. On the other hand, MapX provides the tech-
nology and monitoring tools to manage, analyze, visualize, and share
available information.

The paper considers only a small study area, yet the approach will
be utilized to map various areas in the country, and to understand the
dynamics in landcover over a period of time. Stakeholders have been
consulted for this work in 2018 and 2019 including formal and informal
miners, local mining and environmental authorities of El Bagre,
Corantioquia, Ministry of Mines and Energy, the Ministry of
Environment and Sustainable Development, and UNEP. MapX allows
the researchers to share the findings with those entities in an interactive
manner. Thus outcomes of the research create a better understanding of
the dynamics in the mining areas and their possible recovery timeline.
This is essential to clearly assess the impacts of such activities and to
plan suitable approaches for mitigation. These results are included in
MapX which allows a view of the results with the available national
database that includes layers of protected areas, socio-economic data,
conflict statistics, etc. The results of the research will be available at
different levels to the public, to relevant local authorities, mining op-
erators and to local communities, national and international organiza-
tions. This aims for improved dialogue among the different parties for
better decision making. Thus, the aim is to extend this research on a
larger-scale and to include possible management options such as miti-
gation efforts or intervention prioritization. The main output for the
current study have been published on a private space on MapX that can
accessed by stakeholders. A public storymap has been created and can
be accessed from (English) https://app.mapx.org/static.html?project =
MX-RQK-6E8-WLA-GBV-QBF&views = MX-OZI00-9YLHC-DSBRX&
zoomToViews = true&language = en& and (Spanish) https://app.mapx.
org/static.html?project = MX-RQK-6E8-WLA-GBV-QBF&views = MX-
U9E0Y-3K208-IFGSP&zoomToViews = true&language =en&h.  When
agreed upon by stakeholders, each dataset or group of datasets can also
be shared through a unique URL for dissemination on social media or
inclusion into a website through the use of an iframe.

6. Conclusion
Alluvial mining in Colombia is mainly informal and is located in

remote areas. In order to understand impacts of this mining and to plan
or monitor any remediation efforts, Earth observation can be a great
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Fig. 7. Changes in detected mining areas.
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Fig. 9. Vegetation loss to MineBare and MinePonds over the years overlain on a Sentinel-2 image acquired on 30/12/2018.

tool to provide guidance and a better understanding of the activities in
an integrated manner with high spatial and temporal coverage. This
paper addresses a study site in a highly resourceful part of Antioquia
and creates an approach for a better understanding of mining evolution
in the area using freely available Sentinel-2 data. The methods can be
easily used for other areas and with larger coverage. This paper con-
siders mining zones around the town of El Bagre in the municipalities of
El Bagre and Zaragoza. It addresses the evolution of mining from 2016
to 2019 that shows mined areas covering 1.44 to 1.92km? It detects
the locations of the mining zones including mined bare soil and mining
ponds and other important land cover; namely vegetated and non-ve-
getated areas and water bodies. Sequential pattern mining of classified
images shows the likelihood of certain annual and seasonal changes in
mining-impacted landcover and in the natural vegetation. The temporal
analysis revealed a slight reduction in the detected mining areas from
2016 to 2019. On the other hand, more mining activity was detected in

the dry season than in the wet season. Regarding the natural vegetation,
the annual analysis of images acquired in June and July shows that
there is 50% to 70% chance that vegetated areas in 2016, 2017, and
2018 remained vegetated in 2019. Yet, the seasonal analysis from mid
2018 to mid 2019 shows that there is a 55% chance that vegetated areas
in the wet season would transform into non vegetated areas in the dry
season. Excavated areas of bare soil have a 50% chance remain in ex-
cavation over the considered period or they transition to non-vegetated
areas or mining ponds. Persistently mined areas of bare soil and ponds
throughout the considered period account for approximately 28% of the
total mined area detected in June 2019. Vegetation loss due to the
extractive activities corresponds to about 35% while recovered vege-
tated areas are 7% of the total excavated areas in June 2019. An ana-
lysis of abandoned sites using NDVI shows that it takes a much longer
period than the one considered in this paper for potential natural re-
covery of vegetation. Finally, the work includes data dissemination
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Fig. 10. Vegetation recovery from MineBare and MinePonds overlain on a Sentinel-2 image acquired on 30/12/2018.
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Fig. 11. Boxplot of NDVI calculated for the Sentinel-2 image acquired on 18/06/2019 for NonVeg areas that were previously classified as MineBare, benchmarked
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among stakeholders and the public on MapX (https://mapx.org), an
online open platform for mapping and visualizing geospatial data on
natural resources. This work a pilot study that leads to the analysis of
several areas in Antioquia, covering larger regions impacted by placer
mining.
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