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This might be explained by the closing of many mines
in these regions of Central and East Europe after 1990s, the
remediation of the dumps and the introduction of measures
for reducing the gaseous/particle emissions of the associated
industries.

The cross-checking with mining-related features from
the pan-European CORINE Land Cover database or national
databases in Poland, Slovakia and Romania, confirmed the
applicability of the method by correctly identifying the areas
of open-cast mines, open-pits, quarries, dump sites, tailing
ponds, smelters and ore processing plants as anomalous
pixels. It was also possible to map waste material deposited
in the surroundings of underground mines located in
forested areas if the exposed surface was at least a couple
of Landsat-TM pixels size (Vijdea et al., 2004). For example,
in the Neogene volcanic area of East Carpathians, Baia Mare
region (Maramures county - Romania), the small clusters of
anomalous OH-FeOx pixels (Fig. 13) were confirmed by the
detailed geological maps (Borcos et al., 1980) as rock waste
piles originated by the underground mines (Pb, Zn, Cu + Au,
Ag) of the llba-Baiut metallogenic district.

Generally, the waste from base metal mines, flotation
ponds and their processed tailings, dumps or open-cast
mines with acknowledged acidification problems were
highlighted as anomalous pixels rich in iron oxides (class 4
Fe-PC3), high in OH (classes 4 or 5) and with various levels
of iron staining (materialized by raise in TM3 compared to
TM1), which corresponded to various levels in Fe-PC4. The
OH-FeOx anomaly classes for these materials are usually 13
to 20 (Fig. 8). In the case of rocks that present absorptions in
TM7 compared to TM5 (limestones, dolomites, clays) in their
spectra, they are evidenced by high order anomaly classes.
The open-pits for extracting sand, gravel and the quarries
for building materials are generally highlighted only by the
anomaly classes showing mainly oxidation (classes 1 to 8).
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4.2.1. Global distribution of OH-FeOx anomalies

The suitability of the method for mapping mining waste
sites and associated industrial sites was demonstrated by the
results obtained when computing the statistical distribution
of anomalies occurring in various land cover classes.

Fig. 13. Confirmation of correspondence between anomalous pixels and features related to mining industry by means of 1:50,000 geological map
(Borcos et al., 1980) in the area of llba-Handal mine (East Carpathians, Romania).
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Figure 14 shows that the mining-related features represented
by: 1) CORINE classes mineral extraction sites, dumps and
industrial units (CLC, 1993); 2) mining wastes sites and
potentially contaminated sites from national database
(Kasinski et al., 2007); are indeed the classes with the greatest
percentage of their area highlighted by anomalous OH-FeOx
pixels.We cannot expect to have a 100% correspondence with
the surface of the mining-related features, in the way they are
delimited in the CORINE Land Cover or national databases,
because these features usually include more objects (shafts,
tailing ponds, tiny dumps, small processing plants together
with surrounding more or less vegetated pixels) into a single
entity (polygon). These polygons represent the respective
economic unit or several economic units grouped together
due to a criterion of minimum size of the mapping unit in
various databases (for example, 25 ha in CORINE CLC - CEC,
1993).

After the mining-related features, with a lower percentage
of correspondence of anomaly classes (Fig. 14), come the
categories of construction sites, transport units (railways,
ports and airports facilities) and urban areas - all characterized
by cement/asphalt surfaces, metallic roofs/objects, emissions
of dust, particles and smoke. Turbid waters and mixtures
natural vegetation-soil or vegetation-artificial surfaces have a
smaller percentage of anomalies, and the lowest proportion
(less than 1%) is found in agricultural areas, forests and
areas of scrub and/or herbaceous vegetation associations
(grasslands, transitional woodland-scrub, heathlands etc.-
CEC, 1993).

The statistical analysis done for Slovakia showed the same
trend, the biggest proportion of anomalous OH-FeOx pixels
being found in the mining-related CORINE classes mineral

extraction sites, dumps sites, industrial units, followed by
buffered mines, sites for construction materials and dumps
(Fig. 15). Buffers of a 500 meter radius were built around
point coordinates of mines (for metallic minerals, coal and
industrial minerals) and open-pits for extracting building
materials from the Slovak database. The choice of this radius
was based on a combination of the Landsat-TM image
resolution (30 m, resampled to 25 m after the geometrical
correction); the mapping precision of CORINE Land Cover
data (100 m); and the minimum area mapping size for the
CORINE database (25 ha). By choosing a 20 pixels radius we
could ensure an area three times bigger than the minimum
mapping unit for the buffered points in order to compensate
eventual imprecision of locations between CORINE polygons
and the Slovak database. The scope was to identify the
correspondence between the two and, in turn, the anomaly
OH-FeOx images. The spatial dimension of CORINE polygons
was complemented by the more precise extent of deposited
material highlighted by the OH-FeOx anomalies, which also
gave indications about its very broad geochemical nature
(only oxidized or having suffered secondary alteration).
Further information such as the mined commodity was
attributed by the buffered point.

The good selection of the buffer radius was confirmed by
the fact that more than 53% of the summed area of CORINE
mineral extraction sites was common to the buffered mining
features of the Slovak database. To this the number of hits
between the buffered mines and sites for construction
materials and the boundaries of the CORINE mineral
extraction sites (equivalent to 73 hits for 82 polygons, or 89%)
is added (Vijdea et al., 2004).
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Fig. 14. Distribution of total anomalous OH-FeOx pixels in CORINE Land Cover classes and national datasets (mining waste sites and potentially
contaminated sites) in Upper Silesia (Poland)
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Fig. 15. Distribution of total anomalous OH-FeOx pixels in CORINE
Land Cover classes and national datasets (buffered mining
features) in Slovakia.

A radius of 100 meters was used for buffering the old
historical dumps of the Slovak database because these
dumps are generally not visible on the images, being located
in very dense forest and often below the image resolution
(the distance between adjoining points less than 25 m).

4.2.2. Differential distribution of OH-FeOx anomalies

The majority of the Slovak database point mining features
(mines, sites for construction materials and old dumps) are
located in forests (42.86%, 43.73%, respectively 84.67%) and
agricultural areas (37.14%, 40.11%, respectively 10.56%).
There is a correspondence of 12.86% of the minesand 11.14%
of the sites for construction materials with the CORINE
mineral extraction sites. However, the interest was in finding
out how many of the anomalous pixels found out in forests,
agricultural areas and “areas of scrub and/or herbaceous
vegetation associations” (which followed with a distribution
of 2.23% for the sites of construction materials and 2.75% for
the old dumps) were in reality caused by mining.

The results (Fig. 16) show the highest correspondence
values for forest, followed by “areas of scrub and/or
herbaceous vegetation associations” and agriculture.
Moreover, as we restricted the analysis from all anomaly
classes (1to20inthe legend of Fig. 8) to the highly anomalous
classes (richest in OH-bearing minerals), i.e. classes 13 to 20,
and then to the two highest classes (19 and 20) it is seen that
the proportions increase. The lowest figures are found for the
agricultural areas and this can be explained by the fact that
many bare fields are present in this land cover class, some of
them having a spectral response in Landsat TM bands similar
with the mining material. The filter described in section 3.4.2
substantially reduced these types of anomalies, but it could
not eliminate them completely. However, the same pattern
of an increase of percentage for highly anomalous classes can
be noted too.
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Fig. 16. Distribution of anomalous pixels identified in buffered mining features from the Slovak database located in forests, areas of “scrub and/or
herbaceous vegetation associations” and agriculture, as percentage of the respective OH-FeOx anomalies in the CORINE class.
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The fact that the higher order OH-FeOx anomalies
are mostly indicative for mining material is once more
demonstrated by the distribution of highly anomalous
pixels (classes 13 to 20, Fig. 8) in the main land cover classes
of the study area in Slovakia and in the buffered mining
features of the Slovak database. The greatest number of
these anomalies is found in mineral extraction sites, dumps
sites and associated industrial units according to the CORINE
land cover database and in buffered point mining features.
The results show the same trend when the anomalies were
computed both as percentage of the mapped area in the

respective land cover class (Fig. 17a), and as percentage of
the total anomalous pixels of that class (Fig. 17b).

The OH-FeOx classes representing mainly oxidation (classes
1 to 8, Fig. 8) show the same distribution when computed as
percentage of the mapped area of the land cover class (Fig. 18a).
This was to be expected and itis normal, as itis one of the starting
hypotheses of our method. However, the pattern is changed
when the proportion of total anomalous pixels in the respective
class are taken into account. A quasi uniform distribution of the
simple oxidation anomalies can be noted across all categories
(Fig. 18b), with an evident domination in agricultural areas.
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Fig. 17. Distribution of highly anomalous pixels (classes 13 to 20) in the main CLC classes and buffered mining features of the Slovak database;
a) as percentage of class area; b) as percentage of total anomalous pixels of the class
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Fig. 18. Distribution of simple oxidation anomalous pixels (classes 1 to 8) in the main CLC classes and buffered mining features of the Slovak
database; a) as percentage of class area; b) as percentage of total anomalous pixels of the class.

4.2.3. Mining Anomaly Index

This marked difference in the distribution of OH-FeOx
anomaly classes led to the development of an index for a
certain type of area reference (catchments, administrative
units etc.), which characterize the surface for deposited
mining material. The proposed formula for the Mining

Anomaly Index (MAI) is:

Number of highly anomalous pixels (classes 13 to 20)

The MAI is expressed as percentages of the surface of
reference (catchments, administrative units etc) and can
output values even greater than 100% if the proportion of
highly anomalous pixels within total anomalies is big. When
there is no anomaly class between 13 and 20, the index is
defined by the percentage of total anomalous pixels, but the
value is ten times reduced, thus indicating the presence of
less hazardous material.

MAI—[O.H

14+Number of mainly oxidationanomalous pixels (classes 1to 8)

Total anomalous pixels <100 M
Areain pixels
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An attempt to classify the first order catchments of
Slovakia (CCM version 1.2) according to the MAI values led to
the following rough scheme:

« (1) MAI <= 0.5 %, corresponding to the background and
making up more than 90% of the catchments;

« (2)05<MAlI<=1;

« (3)MAI>T.

Figure 19 exemplifies three zones with different mining
activity (iron, base metals, industrial minerals, coal) and
where sites from construction materials (both categories
represented by their point coordinate and buffer) are also
present. The catchments in the second and third MAI class
correspond to those with overlaying CORINE mining-related
polygons (mineral extraction sites, dumps, and industrial
units), while most of the catchments containing only buffers
of sites for construction material are classified in the first class
of no hazard. There was a good global correspondence with
the sites labeled as being most risky in the national mining
monitoring system of Slovakia (Vrana et al., 2005). Besides
known sites, there are also catchments highlighted in the
second and/or third MAI class, where no evidence of mining
activity was available, so it might be worthy to investigate the
cause of OH-FeOx anomalies.

The proposed classification scheme of catchments
or other reference surfaces is to be considered in a first
approach. The most critical factor in the MAI equation (1)
is the great variation of the area of the reference surface.
For a very small inter-basin with several highly anomalous
pixels, a large value of normalized MAI could be obtained.
The catchments in figure 19 are derived from a DEM of 250
m resolution, almost 10 times coarser than Landsat TM.
However, their classification according to the proposed
MAI is useful for differentiating the catchments with
deposited mining materials with respect to the extent and
types of occurring OH-FeOx anomalies. The catchments
belonging to class 2 and 3 should be subsequently grouped
according to size and/or other morphological criteria and a
multiple-criteria decision could be then applied for further
discrimination. Some of the decision rules could consist, for
example, in: 1) OH-FeOx anomalies as proportion of the area;
2) proportion of highly anomalous pixels in total anomalous
pixels etc. Some other criteria could be added later, such as
the geology of the host rock, the mined commaodity, the type
of waste etc,, for a better source characterization, needed for
vulnerability studies and risk assessment.

5. CONCLUSIONS

The study showed that the method proposed for
mapping mining wastes over large areas by a combination
of PCs indicating zones enriched in iron oxides and hydroxyl-
bearing minerals gave consistent results for all test sites.
It is straightforward, semi-automated and can be run in
an operational way on atmospherically and geometrically
corrected Landsat TM (ETM) scenes.

The areas with iron oxides were mapped by a fourth and
third order PCs. While Fe-PC4 highlighted the mining-related
features showing raise in TM3 compared to TM1, Fe-PC3 also
highlighted, due to its identical sign of eigenvector loadings
in TM1 and TM3, the materials with flat spectral curves in
the visible range, or even a decrease in TM3 compared to
TM1. Having greater data variance than the fourth order
component and high eigenvector loadings in TM3 and TM1,
this PC3 also mapped the areas of iron staining highlighted
by the former.

The combination of these two Fe PCs with OH-PC4
(pointing out areas with absorptions in TM7 against TM5)
led to OH-FeOx anomaly images with 20 classes, which
showed good correspondence with mining-related features
according to the CORINE land cover database, national
mining databases, paper maps and other ancillary available
information.

Some filters based on reflectance values in atmospherically
corrected bands to compensate for effects of turbid/eutrophic
water, mixture soil - vegetation (in a particular phenological
state) and bare soils were necessary to compensate for the
coarse spectral resolution of TM/ETM and the presence of
mixed pixels. Application of the method on regional scale
therefore requires as imperiously necessary the use of
atmospherically corrected images.

The suitability of the OH-FeOx anomalies for mapping
mining wastes was proven through a statistical analysis. The
maximum percentage of area covered by: 1) all anomaly
classes; 2) the highly anomalous classes (i.e. 13 to 20 - Fig. 8);
occur both in the case of mining-related features of CORINE
land cover and national databases. Furthermore, the highly
anomalous classes occur with the highest proportion (of total
anomalies) in the mining-related features. On the contrary,
the simple oxidation anomalies (classes 1 to 8 - Fig. 8) have
a uniform distribution in all land cover classes, being by far
prevalent in agricultural areas (bare soils).

The proposed Mining Anomaly Index, based on this
observed differentiation of OH-FeOx anomalies, succeeded
in a rough classification of first order catchments of Slovakia
regarding the extent and broad type of deposited mining
material, corresponding to the national mining monitoring
system (Vrana et al., 2005). This classification can be further
developed using multiple criteria decision analysis, leading
to a final risk-based inventory of mining and industrial
associated contaminated sites.

In view of the present increased demand for metals
and critical raw materials required by the technological
developments of the 2020s, when European countries begin
to reopen their mines, and the new modern techniques
allow recovering of useful minerals from dumps and tailing
ponds, the principles of the described methodology could be
applied on atmospherically corrected images from the new
satellite sensors, Landsat Operational Land Imager (OLI) and
Sentinel 2 Multi-Spectral Instrument. (MSI). These satellite
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Fig. 19. Classification of first order catchments of Slovakia according to the Mining Anomaly Index. Exemplification for three selected areas,

validated against national mining monitoring system (Vrana et al., 2005). a) Novaky (brown coal mine and power plant); b) JelSava, Lubenik

(magnesite); Hnista — Mutnik, Hacava (talc); Tisovec-Cremosné (limestone, dolomite); ¢) Rudiiany — Pora¢ (baryte, iron and smelter); Smolnik
(iron, copper, antimony); Krompachy (smelter); Gelnica (iron, copper, mercury); Jaklovce (limestone, dolomite).
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sensors have better ground and spectral resolution, and it is
logical to expect that our method could be used in a more
straightforward way, making use of the more dedicated
spectral bands they possess.
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