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Abstract: Gold mining generates major environmental impacts like landscape degradation, accumu-
lation of waste rock dumps, and water contamination by suspended solids. Russia ranks third in the
world in gold production, but the impact of gold mining has not been previously estimated for its
vast northeastern part. This study provides a detailed overview of land-cover changes associated
with gold mining in the Magadan region (northeast Russia) in the 21st century, where alluvial gold
production has increased by a third in the last 20 years. A long-term series of Landsat and Sentinel-2
images obtained in July and August are used to compile two datasets of mining-impacted areas with
totally removed vegetation for 2000-2002 and 2022. We calculated the NDVI difference and then
discriminated mining-related vegetation losses from other bare areas, using additional data like the
classification of landforms based on the digital surface model and the data on mining allotments.
The total area of gold-mining sites was estimated as 41,206 ha in 2000-2002 and 72,602 ha in 2022,
with an increase of 26,031 ha over the past 4-6 years. Moreover, this is a lower-boundary estimate,
without taking into account man-made reservoirs and historical mines recovered by vegetation. The
spatial distribution of mining sites has not changed significantly over the past two decades and
has a maximum in the western part of the region. We found that the floodplains of the Berelekh
and Debin Rivers (large tributaries of the Kolyma River) are most heavily impacted by gold mining
with a removed vegetation canopy occupying 16.0% and 11.2% of their area. Along with the land
degradation assessment, we found that 19,900 ha of historical gold-mining sites in the Berelekh River
basin are recovered by vegetation, which is comparable in size to the areas impacted by mining over
the past 20 years.

Keywords: gold mining; land degradation; Landsat and Sentinel-2 images; NDVIL; landforms classification;
Google Earth Engine; vegetation recovery; Magadan region

1. Introduction

Mining is one of the most important drivers of landscape transformation. Estimates
suggest that mining and quarrying activities have modified roughly 0.3-0.8 Mkm? of
land around the world, and this trend is continuing [1]. Gold mining, like other mining
industries, can cause a wide range of adverse impacts during mining operations and after
closure [2]. In particular, the first step of gold mining from ore deposits is an excavation of a
large amount of geological material, which is disposed of on land in the form of waste rock
dumps. Then, the ore is processed by crushing/grinding, gravity separation, and chemical
extraction of the gold. During gold extraction, large amounts of materials with potentially
hazardous chemical properties are produced and disposed of as tailing storage facilities
(TSFs), slime dams, or tailing dams [3,4]. On the other hand, mining in alluvial placers
usually aims to extract gold from stream sediments and floodplains using bulldozers,
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dredges, and hydraulic jets of water (a process called “hydraulic mining”). Because placer
mining is often carried out in a streambed, it is an environmentally destructive type of
mining, releasing large quantities of sediment that can impact surface water for dozens of
kilometers downstream of the placer mine [5].

Gold mining in alluvial placers is accompanied by soil and vegetation destruction,
landscape fragmentation, and biodiversity loss, and interrupts ecosystem service flows [6,7].
It presents a substantial driver of deforestation, unique in its severity of impacts and leaving
a highly altered landscape [8-10]. Gold mining’s impact on river systems results in the
disturbance of riverbeds, water contamination with suspended solids, and toxic heavy
metals that are leached from tailings [5,6,11-14]. According to the database presented by
the authors in [15], the number of gold mines is substantially greater than the number of
mines of any other commodity.

Gold-mining impacts on the environment, like water pollution and land degradation,
are well-detected by remote sensing tools and techniques. Therefore, its use provides
substantial benefits for the detection, mapping, and monitoring of gold-mining activities
and their effects, especially associated with placer mining [16]. Satellite and aerial images
are mostly applied to monitor three major variables in the gold-mining context, namely
deforestation or land-cover change [8-10,17], water pollution caused by mining activity in
proximity to rivers or on river channels by detecting water turbidity levels in stream chan-
nels [18,19], and mercury presence estimation [20]. Satellite images with medium (Landsat,
Sentinel-2) and high (SPOT-6, Worldview-2, etc.) spatial resolution have been used to
identify mining activity and impact [17,21]. Optical images are analyzed using diverse
approaches like image classification [7,22], spectral indices [23,24], time series analysis [18],
and various machine-learning algorithms like random forest and convolutional neural
networks [21,25,26]. Water contamination by gold mining is remotely estimated through
total suspended matter (TSM), which is a proxy of water turbidity (the most widespread
contamination associated with gold mining). TSM is calculated from both multispectral [27]
and hyperspectral [28] satellite images. Where atmospheric conditions (e.g., cloud cover
and seasonal burning) prevent the use of optical images to observe gold-mining areas, the
time series of radar data (mainly Sentinel-1) are successfully applied to identify land-cover
changes [29,30].

Along with satellite images, gold-mining monitoring at all stages of development
(from exploration to reclamation) is carried out with traditional aerial imagery [31] and
unmanned aerial vehicles (UAVs) [32]. Compared to other monitoring methods, UAVs
provide a short revisit period and fast data acquisition, as well as simple operations [33].
Multispectral and hyperspectral images from UAVs are inputs for land-cover classification
atalocal scale [34], acid mine drainage detection [35], and other applications in gold-mining
regions [33].

Presently, Russia leads the world in terms of area occupied by mining land use (at
least 11,770 km?) [14]. A substantial part of the total impacted area is related to gold mining
in alluvial placers in Central Siberia and the Far East. However, land degradation related
to gold mining has been inventoried only fragmentarily, for example [36]. In northeastern
Russia, the extent and dynamics of mining-related land degradation remain unknown.

The environmental impact of gold mining is especially large-scale in the Magadan re-
gion, located in northeastern Russia, in a subarctic extra-continental climate and continuous
permafrost zone. The Magadan region is the leader in terms of alluvial gold production in
Russia, where gold mining has been intensively developing for over 80 years [37]. The total
alluvial gold production here increased from 14.5 tons in 2013 to 19.65 tons in 2022. About
20 ore deposits and 300 alluvial placers are being exploited to date [38]. The area impacted
by gold mining was preliminarily estimated as 2% of the total area of Susuman, Ten’kinsky,
and Yagodninsky municipal districts in the western part of the Magadan region [39].

Placer mining in permafrost areas can lead to much more significant changes in the
environment in comparison to non-permafrost areas. The extraction of sediment disrupts
the insulating layer of vegetation and soil above the permafrost. Climate warming acceler-
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ates permafrost degradation following surface disturbance [40]. Thawing permafrost may
result in hazardous geocryological processes like thermokarst, thermal erosion, solifluction,
pingos, ground subsidence, and instability [41,42], also altering the hydrological regime
through increased erosion and sedimentation. The restoration of impacted landscapes in
cold climates and permafrost landscapes takes a long time [43].

In this study, we present the first assessment of the extent of land degradation caused
by gold mining in the Magadan region and its changes in the 21st century based on
Landsat/Sentinel-2 satellite data. Along with land degradation, we estimate vegetation
recovery on lands impacted in previous years.

2. Materials and Methods
2.1. Study Region

The Magadan region stretches across the northeastern part of Russia, bordered by the
Sea of Okhotsk to the east and the Chukotka Autonomous Okrug to the northeast. It is
situated within the larger Russian Far East, which encompasses vast territories of eastern
Russia. The region spans approximately 462,000 km?. The Magadan region experiences a
subarctic climate, characterized by long, cold winters and relatively short, cool summers.
The region’s climate is heavily influenced by its coastal location and proximity to the
Sea of Okhotsk. The landscape of the Magadan region is diverse. It is dominated by
mountain ranges, including the Kolyma Range and the Verkhoyansk Range, which are
part of the larger East Siberian System. These mountains are characterized by rugged
peaks, deep valleys, and numerous rivers that cut through the terrain. The region is also
home to vast stretches of tundra, a treeless biome found in high latitudes. Inland, the
region is dotted with numerous rivers, including the Kolyma River, one of the largest rivers
in northeastern Russia. More than 98% of the territory of the Magadan region is in the
permafrost zone, which mostly has a continuous distribution. The Magadan region is rich
in mineral resources. It ranks first and second in Russia in terms of alluvial gold production
and the scale of predicted resources of bedrock gold, respectively [44]. The most promising
gold mines, like the Pavlik, Natalka, and Degdekan deposits, are in the western part of the
region, in the Ten’kinsky and Susumansky districts (Figure 1).

2.2. Compilation of GIS Datasets of Mining-Related Land Degradation
2.2.1. Initial Data

We used freely available data from Landsat and Sentinel-2 satellites to delineate the
gold-mining sites (without classification into ore and alluvial deposits) in the Magadan
region, and various additional data to distinguish from the areas with spectral character-
istics similar to them (Table 1). As noted in previous studies [45], satellite images with a
spatial resolution of 30 m have been available for the territory of the Magadan region only
since 1999, when the Landsat-7 satellite with the ETM+ sensor was launched. Earlier data
from the Landsat-1 satellite (MSS sensor) are available for 1973—1975; however, the spatial
resolution is insufficient to correctly delineate gold-mining sites (except for the largest
areas), and the images for the growing season (July-August) do not cover the entire region.
Therefore, we consider land degradation only for the period 1999—2022.

It is well known that placer gold-mining leads to the total removal of soil and vegeta-
tion canopy, which is accompanied by a substantial decrease in the Normalized Difference
Vegetation Index (NDVI) [22,23,25]. However, in the subarctic climate of the Magadan
region with a short growing season [46], vegetation loss can only be identified from summer-
time images, obtained from late June to August or early September. Substantial cloudiness
also challenges the selection of appropriate images, especially for the period 2003—2012,
when mainly Landsat-7 images after scan line corrector failure (SLC-off) are available [47].
Only after the launch of the Landsat-8 satellite in 2013, and Sentinel 2A /2B satellites in
2015 and 2017, did the frequency of obtaining cloud-free images become sufficient for the
annual monitoring of land degradation.
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Figure 1. Geolocation of the Magadan region (a), and its base map (b). Land allotments for gold
mining are also shown.

Due to the above-mentioned data limitations, three continuous coverages of cloud-
less summertime images were collected for the Magadan region, namely Landsat-7 for
2000—-2002, and Sentinel-2 for 2016—2018 and 2022 (Table 1). Taking into account the
subsequent calculation of NDVI, sensitive to atmospheric effects, we downloaded Landsat
Collection 2 Level 2 surface reflectance data, generated using the Landsat Ecosystem Dis-
turbance Adaptive Processing System (LEDAPS) algorithm (version 3.4.0) [48]. In total, we
used 16 Landsat-7 ETM+ images for 2000—2002, with imagery dates ranging from 9 July to
17 August and cloud cover less than 10%. These images completely cover the Magadan
region, except for the areas unaffected by gold mining (Figure 1). Two other data coverages
consist of Sentinel-2 images of Level2A processing level, generated using the Sen2Cor
atmospheric correction algorithm [49]. Pairs of Sentinel-2 images were obtained for 26 tiles
of the Sentinel-2 Tiling Grid. Imagery dates range from 26 June to 31 August, and cloud
cover is less than 10%. Landsat images were downloaded from USGS EarthExplorer [50],
and Sentinel-2 images from EOS LandViewer [51].

Various natural surfaces like alluvial deposits, aufeis glades, mountainous rocky
landscapes (so-called “goltsy”), as well as several fire scars, have close-to-zero values of
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NDVI and other spectral characteristics similar to degraded lands. Therefore, we used
various additional data to discriminate mining sites from other land-cover/land-use types.
It is of note that there is no universal signature to discriminate them from mining areas.
Thus, alluvial gold mining is concentrated in stream valleys, and we used a digital surface
model (DSM) ALOS World Topographic Data [52] (Table 1) to identify streams and valleys.
By contrast, gold mining in ore deposits is not associated with river valleys, and we used
the data on mining allotments to identify these areas. Thus, we analyzed both features
based on DSM and the data on mining allotments and used high-resolution satellite images
from open map services for visual inspection (see Sections 2.2.3 and 2.2.4 for details).

Table 1. Overview of the data used to delineate the gold-mining areas.

Spatial

Data Type Data Source Resolution Time Period Work Stage
Landsat-7 ETM+ 0m 2000-2002 Delineation of landz (1)n}}gaafsteacé (l‘))y gold mining over
and Landsat-5 TM 2003-2012 Identification of land-cover
Landsat-8 OLI 30m 2013-2022 changes and vegetation recovery
on mining areas
Satellite . . Assessment of the actual area of impacted lands
images Sentinel-2 images 10m 2016-2018 and 2022 and its changes between 2016-2018 and 2022
High-resolution satellite
images from open map - All available images . . . . .
services (Google Earth, ~0.5m (2009—present) Visual inspection of selected mining sites
Bing Maps, ESRI)
ALOS WTD 30m _ Identification of thalwegs, terrain classification,
digital surface model delineation of river basins
Land allotments for - 2021 Separation of mining areas from other spectrally
Additional gold mining similar surfaces
dltiona NASA active fire data [53] 700/1000 m 2000-2022 Discrimination of mining areas from fire scars
ata Land-cover/land-use
maps GlobCover-2009 [54], 230 m 2018 Determination of vegetation cover types impacted

and the map of vegetation

by gold mining

cover of Russia [55]

2.2.2. Spectral Characteristics of Mining Sites and Natural Bare Areas

As noted above, land impacted by gold mining has similar spectral characteristics to
natural bare areas. We compared the spectra based on Sentinel-2 images (L2A processing
level), obtained in mid-summer of 2022. Several mining sites, as well as natural alluvial
deposits, mountainous rocky wastelands, and burned areas, were selected to calculate their
spectral characteristics (test areas included several hundred pixels for each class). Then,
spectral reflectance was averaged for them (Figure 2). All these classes have close-to-zero
NDVI values. Spectral characteristics of natural alluvial deposits almost do not differ from
the same of mining areas, while mountainous rocky landscapes and especially burned
areas have, on average, lower reflectance in visible and near-infrared bands, and higher
reflectance in shortwave and mid-infrared bands. However, maximum and minimum
values of spectral reflectance for mining sites, fire scars, and mountainous rocky landscapes
overlap, which indicates a substantial likelihood of confusion between these classes [56].
This indicates the need to use the above-mentioned additional information (Table 1) to
identify gold-mining areas from satellite images.

2.2.3. Identification of Mining Sites from Landsat Images for 2000-2002

Historical gold-mining areas (for 2000—2002) are identified based on 16 Landsat-7
ETM+ scenes obtained in July and August. Identification is performed as a two-stage
procedure. In the first stage, we detected all the bare areas, and in the second stage, we
selected among them the areas impacted by gold mining. The geoprocessing model was
compiled in ArcGIS ModelBuilder to execute the workflow.

NDVI was calculated as (B5 — B4)/(B5 + B4), where B5 and B4 are near-infrared and
red bands of Landsat 7 ETM+ images, respectively. Threshold values of NDVI are used
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to identify bare areas. We found that typical values of NDVI for gold-mining areas with
totally removed vegetation range from —0.05 to 0.1 (Figure 3b).
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Figure 2. Spectra of land impacted by gold mining compared with other types of bare areas.

Land /water masking is performed using the Modified Normalized Difference Water
Index mNDVI [57], calculated as (B3 — B6)/(B3 + B6), where B3 and B6 are green and
shortwave infrared bands of Landsat 7 ETM+ images, respectively. Water bodies (including
man-made dams and reservoirs in mining-impacted floodplains) are masked by a threshold
value of mNDVI, which was taken equal to 0.25. Threshold values of both NDVI and
mNDWTI have been verified for several Landsat images and then used to identify bare
areas. Historical mining sites with recovering vegetation are not detected using such an
NDVI threshold.

In the second stage, we used additional data to discriminate mining areas from other
bare areas. First, alluvial gold mining is concentrated in river valleys. Therefore, we used
the ALOS WTD digital surface model to identify stream networks (with ArcGIS Spatial
Analyst tools) and perform TPI-based landform classification [58] with SAGA GIS (System
for Automated Geoscientific Analysis). Bare areas that intersected with five landform
classes, namely “Mountain Tops and High Ridges”, “Midslope Ridges and Small Hills in
Plains”, “Local Ridges, Hills in Local Ridges, Hills in Valleys”, “Upper Slopes, Mesas”, and
“Open Slopes”, were excluded from the analysis, since they are almost unaffected by gold
mining (Figure 3c). The only exceptions are a few mining areas associated with ore deposits,
which are located outside rivers and can be missed if only valleys are considered. To avoid
missing them, the data on mining allotments were added to the analysis, regardless of
their belonging to landform classes. Thus, we selected all bare areas located in valleys as
well as within mining allotments. The polygons consisting of one or two Landsat pixels
(<1800 m?) were removed from the resulting dataset. The mining sites located along each
unique river were dissolved.

The discrimination of natural alluvial deposits from mining sites is challenging since
alluvial deposits are widespread in river valleys (including those affected by gold mining)
and have the same spectral properties as mining-impacted areas (Figure 2). Therefore,
these two classes were distinguished manually, based on textural and contextual features
of mining sites. In particular, river valleys impacted by alluvial gold mining, unlike non-
transformed ones, are characterized by large areas with removed vegetation, numerous
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man-made dams and reservoirs, and heavily transformed channels, which are well-detected
on both medium and high-resolution satellite images (Figure 3). The resulting dataset
includes only mining areas with completely removed vegetation, while large man-made
reservoirs and historical mining areas with recovering vegetation have been excluded.

E 151°50 151°45' E  151°50

62°16'

N

62°14'

Figure 3. Identification of mining sites near Orotukan settlement, the Magadan region: Landsat-7
ETM+ image obtained on 10 July 2000, band combination 5-4-3 (a), Normalized Difference Vegetation
Index (b), TPI-based landform classification (c) and high-resolution image from Google Earth (d) (the
area is shown with a red rectangle). Landform classes are 1—Canyons, Deeply Incised Streams,
2—Midslope Drainages, Shallow Valleys, 3—Upland Drainages, Headwaters, 4—U-shaped Valleys,
5—Plains, 6—Open Slopes, 7—Upper Slopes, Mesas, 8—Local Ridges, Hills in Local Ridges, Hills in
Valleys, 9—Midslope Ridges, Small Hills in Plains, 10—Mountain Tops, High Ridges.

2.2.4. Identification of Mining Sites from Sentinel-2 Images

We used as initial data 26 pairs of Sentinel-2 images with a difference in imagery dates
of 4-6 years. The first images in pairs were obtained in 2016 (15 images) or 2017—2018
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(11 images), and the second images were obtained in July-August 2022. To detect mining
sites using Sentinel-2 images, a geoprocessing model was compiled in ArcGIS ModelBuilder.
As with Landsat images, mining areas were detected based on NDVI threshold values, but
the difference in NDVI in each pair of images was additionally calculated to detect mining
expansion over the past 4-6 years. NDVI was calculated as (B8 — B4)/(B8 + B4), where B8
and B4 are near-infrared and red bands of the Sentinel-2 MSI images, respectively, which
have a spatial resolution of 10 m.

Expansion of gold mining leads to the total removal of a canopy and substantially
decreases NDVI. We calculated the NDVI difference from each pair of Sentinel-2 images and
selected the areas where NDVI substantially decreased (by 0.3 or more) between 2016—2018
and 2022, and NDVI in 2022 was <0.1. Water bodies were excluded using the threshold
value of the Normalized Difference Water Index (NDWI) [59], equal to 0.1. NDWI was
calculated as (B3 — B8)/(B3 + B8), where B3 and B8 are green and shortwave infrared bands
of Sentinel-2 MSI images, respectively, with 10 m spatial resolution.

Thus, we detected the areas where vegetation canopy was removed between 20162018
and 2022 by mining or other agents. Threshold values of indices are set as model pa-
rameters and may be corrected if the area of mining sites is overestimated or underesti-
mated. Primary visual inspection of mining area identification results was performed using
Sentinel-2 images.

A strong decrease in NDVI may be associated with both gold mining and other
agents like wildfires, the formation of islands and shoals on rivers, and even mudflow or
debris flow plumes. We used additional data, namely TPI-based landform classification
and mining allotments to discriminate mining sites from other classes (see Section 2.2.3
for details). In particular, bare areas located both outside the mountain allotments and
river valleys were excluded. Finally, alluvial deposits were discriminated from mining
sites manually. Thus, we detected all land-cover changes, presumably associated with
gold mining.

In addition, all barren lands (with NDVI < 0.1) were detected on the images obtained
in 2022. Among them, we selected the areas that intersected or had a common border with
previously identified mining-related land-cover changes, and located within river valleys
or mining allotments (Figure 4). Other areas were excluded from the analysis. The obtained
dataset, after excluding the areas not related to gold mining (in particular, alluvial deposits),
contains all gold-mining sites with totally removed vegetation for 2022.

2.2.5. Validation of Identified Mining Sites Using High-Resolution Image

The used method of mining site identification from both Landsat and Sentinel-2 images
has several obvious limitations. First, only the areas with totally removed vegetation are
taken into account. Second, several impacted areas may be missed if there has been no
mining activity in the last 4-6 years. Third, a substantial part of mining sites is covered by
man-made water bodies, and they are also excluded from analysis since there are no obvious
ways to distinguish them from natural ones. In addition, finally, manual discrimination of
natural alluvial deposits and mining sites is time-consuming since both these land-cover
types are widespread along the same rivers. To evaluate the method’s limitations in more
detail, we validated the detected mining areas using high-resolution imagery from Google
Earth, obtained on 21 June 2020.

We selected a validation plot with a total area of 6320 ha?, located along the Berelekh
River near the town of Susuman, where gold mining has been developing for a long
time. We delineated manually from high-resolution images the mining-impacted areas and
separated them into two classes, namely bare areas and man-made water bodies. Their
area reaches 738 ha and 382 ha, respectively (1120 ha in total) according to high-resolution
images. The area of mining sites located within the validation plot, according to the
Sentinel-2 image, is 887 ha (except for the areas where mining began after 2020). Thus, the
mining area according to the Sentinel-2 image is underestimated by 21% in comparison
with the validation dataset.
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Figure 4. Expansion of alluvial and ore gold-mining areas at Natalkinskoe gold deposit (the Magadan
region). The total area of degraded lands and land-cover changes over 2018-2022 are shown.

We overlapped mining areas delineated from the high-resolution image (validation
data) with the same obtained according to the Sentinel-2 image (examined data). The
matched area (true positive, TP) is 653.5 ha, while precision and recall are 0.736 and 0.583,
respectively. Please note that 476 ha of TP area falls to bare lands, and the other 177 ha
are man-made water bodies according to high-resolution imaging. Therefore, these water
bodies are too small and complex in shape to be identified from Sentinel-2 images. Thus,
262 ha of bare areas are missed, and 233 ha of them are falsely detected from the Sentinel-2
images. These differences can be explained mainly by the different spatial resolutions of
the Sentinel-2 image and the image from Google Earth (10 m and 0.5 m, respectively), and
by the above-mentioned limitations of the NDVI-based method.

2.3. Identification of Vegetation Recovery on Mining-Impacted Lands

Vegetation recovery in gold-mining areas is strongly determined by the type of deposit.
In ore deposits, where gold ores are mined in quarries, the waste rock dumps usually
contain plant seeds, which contribute to the beginning of vegetation regeneration in a
short time after the end of mining. On the contrary, in alluvial deposits, they consist of
well-washed gravel, in which plant seeds are absent. Revegetation in such mining areas
takes several decades [60].

The identification of revegetation processes in mining areas was performed in two
stages: detection of the areas recovered by vegetation, and analysis of NDVI trends for
the detected areas over the past 20 years. We considered vegetation recovery for the most
impacted basin of the Berelekh River (see Section 3 for details).

Data processing was performed using the Google Earth Engine [61] and included such
steps as the compilation of the initial dataset consisting of Landsat-5,7,8 collections, cloud
masking, and the calculation of NDVI values. In total, we used 10 images from Landsat-7
(for 2000), 27 images from Landsat-5 (for 2009), and 31 images from Landsat-8 (for 2021).
All images were obtained for the period from 15 July to 10 September, which approximately
corresponds to the vegetation period in the studied basin of the Berelekh River. Annual
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NDVI maximums were calculated for each pixel. Next, a multi-temporal image of three
NDVI maximum bands calculated for 2000 (according to Landsat-7 data), 2009 (according
to Landsat-5 data), and 2021 (according to Landsat-8 data) was created (Figure 5d). A
10-year time step was chosen since the revegetation process in the dumps takes a long
time [60].

NDVI
-0.1 0.0 01 02 03

Mining areas
- mining atarted after 2009
- mining before 2000, regenerated vegetation
|:| mining between 2000 and 2009
no mining Mining areas (2000-2002) according to Landsat-7 images

Figure 5. Identification of vegetation recovery on mining sites: NDVI values calculated for the
summer of 2000 (a), 2009 (b), and 2021 (c), RGB composite of NDVI for 2000, 2009, and 2021,
regenerated vegetation is shown in blue colors (d), CART classification outputs (e) and Sentinel-2
images obtained in July 2022 (f).
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The red, green, and blue bands of the resulting image are the maximum NDVI values
for 2000, 2009, and 2021, respectively. The areas where NDVI in 2009 and 2021 was
substantially lower than in 2000 are shown in red colors and indicate the gold mines where
mining started between 2000 and 2009. Yellow colors showed the areas where NDVI
decreased between 2009 and 2021, and, therefore, gold mining started in this period. Blue
colors correspond to the areas where NDVI in 2021 was substantially higher than in 2000
and 2009, which indicates vegetation recovery in historical mining areas.

Then, we used the binary decision-tree algorithm Classification and Regression Tree
(CART) [62] with training in the Google Earth Engine to identify the areas where the
revegetation process has been observed over the past 20 years. The input NDVI composite
was classified into four classes, namely the areas where vegetation has been removed due
to gold mining in 2000—2009 (1), the same for 2009-2021 (2), the areas where revegetation
has been observed between 2000 and 2021 (3), and the areas without substantial NDVI
changes (4). For each class, we compiled a training sample consisting of 120 pixels. A
fragment of the classification result is shown in Figure 4e. Class #3 (areas with recovering
vegetation) was extracted for further analysis.

3. Results
3.1. Overview of Mining-Related Land-Cover Changes in the Magadan Region

Overall, for the Magadan region, the area of gold-mining sites according to the Landsat-
7 ETM+ images obtained in 2000-2002 was estimated as 41,206 ha. According to the
Sentinel-2 images obtained in 2022, it had increased to 72,602 ha. Comparing the Sentinel-2
images obtained in 2016-2018 and 2022, we found 720 areas of mining-related vegetation
loss associated with both new mines and expanded mine workings, where mining started
in previous years. Their total area is 26,031 ha (35.8% of the total impacted area in 2022).

About 82.5% of the total mining areas identified from Sentinel-2 images of 2022, and
80.5% of new ones (when mining started between 20162018 and 2022) are located within
mining allotments. The remaining 19.5% of mining areas, located outside of them, can be
partially associated with the newest mine workings (where mining started in 2022) since
the dataset of mining allotments is valid for 2021. Several gold mines located outside of the
allotments may be illegal, but the available data do not allow us to assess the significance
of illegal mining in the Magadan region.

About 15,610 ha of mining areas have been identified both from Landsat and Sentinel-2
images. Thus, these areas have low NDVI (<0.1) both in 2000-2002 and in 2022, which
indicates the lack of revegetation after mining for at least 20 years. However, the results
of the overlay of mining areas detected in 2000-2002 and 2022 should be considered with
caution, since input datasets are based on satellite images of different spatial resolutions
(30 m and 10 m, respectively).

River systems are mostly impacted by gold mining, in comparison with other compo-
nents of the natural environment [12,36]. Therefore, we mapped mining areas in the context
of river basins. In particular, the proportion of mining areas in relation to the total basin
area was calculated for both 2000-2002 (Landsat-based dataset), for 2022 (Sentinel-2-based
dataset), and for mining sites delineated from Sentinel-2 images between 20162018 and
2022. The calculation was performed for 319 basins in the Magadan region with an area of
200 km? or more, which were delineated automatically from the ALOS WTD digital surface
model, with the use of ArcGIS Spatial Analyst (Hydrology tools). The results are shown
in Figures 6-8.

Mining-impacted areas are concentrated in the western part of the Magadan region,
namely in the Susuman, Ten’kinsky, and Yagodninsky municipal districts, which are related
to the Kolyma gold belt [63]. Thus, gold mining along the Berelekh River and its tributaries
began over 80 years ago and continues at the present [37], which determines the most
severe impact on the natural environment. According to the Sentinel-2 images of 2022,
mining sites with totally removed vegetation canopy occupy 1.69% of the total area of the
Berelekh River basin (~16,500 ha) and 1.47% of the adjacent Debin River basin (~8000 ha),
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which makes up one third of the total mining area in the Magadan region. In several
sub-basins, the contribution of severely impacted mining areas reaches 5% (Figure 7). On
the contrary, in other parts of the region, gold production is carried out in isolated deposits,
and the proportion of the impacted area is less than 1%, except for one basin near the town
of Omsukchan.
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Figure 6. The total area of mining sites according to the Landsat images obtained in 2000-2002,
calculated for large river basins (S > 200 km?) in the Magadan region. The most impacted basin of the
Berelekh River is shown.

The spatial distribution of mining-impacted areas has had no significant changes
over the past 20 years (Figure 8). Mining area substantially increased in the basins of the
Berelekh, Debin, and Ten’ka Rivers, where numerous placer and ore gold deposits have
been developed for a long time. The observed increase in mining areas is in line with
substantially increased gold production in the Magadan region over the past 10 years, espe-
cially for ore gold deposits. Thus, ore gold production increased from 6.9 tons to 31.78 tons,
and placer one—from 14.5 tons to 19.65 tons in 2013 and 2022, respectively [38], resulting
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in a substantial increase in impacted areas. Thus, the mining area in the basin of Ten’ka
River (S = 1834 km?) almost tripled (1843 ha in 2000-2002 and 5116 ha in 2022) due to active
mining in the largest ore gold deposits “Natalka” and “Pavlik”, and associated placers.
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Figure 7. The total area of mining sites according to Sentinel-2 images obtained in 2022, calculated
for large river basins (S > 200 km?) in the Magadan region. The most impacted basin of the Berelekh
River is shown.

The most substantial impact of gold mining on terrestrial ecosystems is associated
with alluvial mining in river valleys. We estimated the degree of transformation of river
valleys in the Berelekh and Debin River basins, mostly impacted by gold mining compared
with other river basins of the region. Using the ALOS WTD digital surface model and
Hydrology tools in the ArcGIS Spatial Analyst, we identified the thalwegs with a catchment
area of more than 100 km? and a length of more than 10 km (the StreamLink tool was used).
Then, 500 m buffers were built around each thalweg, and the contribution of mining areas
with removed vegetation canopy was calculated for each buffer (Figure 9). We found that
mining areas within 500-m buffers along rivers (with totally removed vegetation) cover
4.55% and 6.15% in the Berelekh and Debin basins, respectively. The upper part of the
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Berelekh River basin is still low impacted by gold mining, while in the Debin River basin,
mining areas are distributed more evenly. Floodplains of the Berelekh and Debin Rivers
themselves are impacted much more strongly (mining areas with removed vegetation
occupy 16.0% and 11.2% of them, respectively). Along with impacted land, a substantial
area is occupied by man-made reservoirs, which is not taken into account as mining areas.
Considering both present and historical mine workings (where the vegetation is already
recovered), as well as man-made reservoirs, the floodplains of both Berelekh and Debin
Rivers are transformed by more than 50%, and up to 90% in several of their tributaries
(with the proportion of bare areas reaching 25-27%). Such severe impact on floodplains
leads to a substantial increase in water turbidity, which is especially typical for the Berelekh

River [39].
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Figure 8. Mining-related vegetation loss according to Sentinel-2 images (a) and changes in mining
areas between 2000-2002 and 2022 (b).
We also used two land-cover/land-use (LCLU) maps namely GlobCover-2009 [54]
and a satellite-based map of the vegetation cover of Russia [55] to determine LCLU types
mostly impacted by gold mining. Both maps have moderate spatial resolution (230 and 350
m, respectively), but are characterized by enough detailed classification of the LCLU types.
In addition, these maps have been developed in 2008 and 2016, respectively, which makes it
possible to determine LCLU types impacted by gold mining in 2016-2022 (Tables 2 and 3).
Table 2. LCLU classes impacted by gold mining in the Magadan region in 20162022, according to
the GlobCover-2009 map [54]. Classes with a total area of <10 km? are not shown.
Land-Cover Class Total Area, km? Impacted Area, km?
Bare areas 38,091.1 14.52
Closed (>40%) broad-leaved deciduous forest (>5m) 678.8 —
Closed to open (>15%) mixed broad-leaved and needle-leaved forest (>5m) 2639.7 —
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Table 2. Cont.

Land-Cover Class Total Area, km? Impacted Area, km?
Mosaic forest or shrubland (50-70%)/grassland (20-50%) 44,409.4 12.04
Mosaic grassland (50-70%)/forest or shrubland (20-50%) 59,217.1 31.15
Open (15-40%) needle-leaved deciduous or evergreen forest (>5m) 234,777.0 182.22
Permanent snow and ice 348.5 -
Sparse (<15%) vegetation 78,127 .4 19.94
Water bodies 3112.3 —

Percent of
mining area
in 500 m buffer
around river

<10
iio-55
5= 10
10-15
—15-20 g mining areas in 2022

> 20 D basin boundaries

Figure 9. Percentage of mining areas in 500 m buffer around rivers, calculated according to Sentinel-2

images of 2022 for the most impacted basins of Berelekh and Debin Rivers.
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Table 3. LCLU classes impacted by gold mining in the Magadan region in 2016-2022, according to

the map of the vegetation cover of Russia [55]. Classes with a total area of <10 km? are not shown.

Land-Cover Class

Total Area, km?

Impacted Area, km?

Burned areas 2364.7 1.1
Coniferous evergreen shrubs 104,776.0 719
Coniferous Larch forests 54,080.1 27.3
Deciduous forests 1114.9 -
Grasslands 208.9 —
Mixed forests 12.2 -
Mixed forests with coniferous dominating 161.8 —
Mixed forests with deciduous dominating 54.4 —
Open ground and rocks 43,549.6 16.4
Sparse larch forests 65,948.9 415
Shrublands 17,984.3 8.2
Swamps 33,368.9 41.7
Tundra 137,571.0 49.1
Urban areas 14.0 —
Water bodies 1535.4 —

According to both LCLU maps, most of the area impacted by gold mining after
2016 falls on larch forests (northern taiga) and coniferous evergreen shrubs (cedar elfin),
widespread in the subarctic climate of the Magadan region in river valleys and the lower
parts of mountain slopes. Thus, according to the GlobCover-2009 data, about 51% of the
study area and over 70% of mining-impacted areas (after 2016) are covered by sparse
coniferous forests. According to the vegetation map of Russia [55], which provides a
more detailed LCLU classification, the main part of the impacted area falls on evergreen
coniferous shrubs, larch forests, and swamps (note that floodplain ecosystems can also
be classified as swamps). In relative terms, swamps and floodplain ecosystems are most
impacted (0.13% of their total area), while for other LCLU types, the impacted areas do not
exceed 0.07%. It should be noted that only a mining area with removed vegetation canopy
after 2016 was estimated here, while the total area is substantially larger.

3.2. Assessment of Vegetation Recovery at Historical Gold-Mining Sites in the Berelekh River Basin

We estimated the total area of the vegetation recovery at gold-mining sites in the
Berelekh River basin as 19,900 ha, while the new area impacted by gold mining between
2000 and 2021 is 29,600 ha (Figure 10). This is substantially higher than the Sentinel-2-based
estimate (16,500 ha) since we did not exclude from this assessment man-made reservoirs,
which are widespread in gold-mining sites (see Section 2.2.5 for details).

To confirm the vegetation recovery process, we selected three test sites classified as
recovered vegetation (shown in Figure 10). For each of them, the average NDVI was
calculated for July and August for the periods 1999-2022 (based on Landsat-7 images) and
2014-2022 (based on the Landsat-8 images). In total, 188 NDVI values were extracted from
the Landsat-7 data, and 135 from the Landsat-8 data. Figure 11 shows NDVI calculated from
the Landsat-7 images. We calculated trends for both annual average and maximum NDVI
values using the Theil-Sen estimator, and significance was obtained with the nonparametric
Mann-Kendall test. Both trends are statistically significant at a significance level of 0.05, and
Sen’s slope coefficients are 0.018 and 0.020, respectively, for annual average and maximum
NDVI values. Therefore, we found that vegetation recovery is observed according to
satellite images in a substantial area affected by gold mining before 2000, and the area
recovered by vegetation is comparable to the area impacted by mining over the past
20 years. It is of note that most of the areas recovered by vegetation are located near the
town of Susuman, while new mining areas are more distant from it (located in harder-to-
reach places).
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Figure 11. Summertime NDVI obtained from Landsat-7 images in July-August 2000-2022 on three
sites with recovered vegetation.

4. Discussion and Conclusions

Gold mining at ore and alluvial deposits is a key sector of the industry both in the
Magadan region and in other parts of Eastern Siberia and the Russian Far East. Total
gold production in Russia increased by 1.6 times from 2011 to 2020 and exceeded 300 tons
per year, while gold production from alluvial placers increased from 60.5 tons in 2011
to 82.4 tons in 2020 [64]. Thus, gold mining’s impact on the ecosystems of rivers and
floodplains also substantially increased. At present, Russia does not have a state system
for monitoring the impact of gold mining on the environment. In Eastern Siberia and the
south of the Far East, satellite-based monitoring was performed by volunteers with the
support of the World Wildlife Fund [59], and an inventory of impacted lands has been
completed only for the Amur River basin [36]. The Magadan region, like other parts of
northeastern Russia, remained out of the focus of both scientific and volunteer projects
in the field of assessment of gold-mining impacts, although the placer gold production
here is greater than the same in the southern part of the Russian Far East. In addition, the
Magadan region is characterized by a subarctic climate and continuous permafrost, which
prevents vegetation recovery on mining sites [43].

This study provides a detailed overview of land-cover changes associated with gold
mining in the Magadan region in the 21st century. We focused only on land degradation
and vegetation recovery on mining sites and did not consider other effects of gold mining,
which can be also observed from satellite images, like water contamination with suspended
solids [18,19]. In our previous study [39], we showed that the lack of gauging stations
measuring the total suspended solid (TSM) downstream of gold-mining sites, along with the
changes in water turbidity associated with summer rain floods substantially complicates the
validation of satellite-based estimates of river’s contamination. However, mining-impacted
areas calculated in the context of river basins (Figures 6-8) can be used as a proxy indicator
to assess the impact of gold mining on stream systems and water quality.
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In line with the above-mentioned increase in placer gold production, our results
indicate a substantial increase in mining-impacted areas in the Magadan region between
2000-2002 and 2022. The estimated area of gold-mining sites in 2000-2002 was 41,206 hectares,
and it increased to 72,602 hectares according to Sentinel-2 images obtained in 2022. The
study also identified 720 areas of mining-related vegetation loss between 20162018 and
2022, accounting for 35.8% of the total impacted area in 2022. The spatial distribution of
mining-impacted areas has not changed significantly over the past two decades, with the
most substantial impact observed in the basins of the Berelekh, Debin, and Ten’ka Rivers.

Most of the mining areas identified in 2022, as well as the new ones (where mining be-
gan after 2016-2018), were located within mining allotments, accounting for approximately
82.5% and 80.5%, respectively. However, about 19.5% of mining areas were located outside
of the allotments, which could be associated with the newest mine works that started in
2022, and (to a lesser degree) illegal mining.

The study also assessed the degree of transformation of river valleys in the Berelekh
and Debin River basins, and the large tributaries of the Kolyma River, which were heavily
impacted by gold mining. The floodplains of these rivers showed substantial mining-related
changes, with mining areas with totally removed vegetation canopy occupying 16.0% and
11.2% of the floodplains of the Berelekh and Debin Rivers, respectively. The transformation
of these floodplains resulted in increased water turbidity, particularly noticeable in the
Berelekh River [39].

The analysis of land-cover types impacted by gold mining revealed that most mining-
impacted areas after 2016 were covered by larch forests and coniferous evergreen shrubs,
prevalent in the subarctic climate of the Magadan region, particularly in river valleys and
lower mountain slopes.

It is of note that the used method of mining site identification from both Landsat and
Sentinel-2 images has several limitations, which lead to the underestimation of impacted
areas. Thus, we present the lower-boundary estimate of the area impacted by gold mining,
which, however, reflects the main patterns in the spatial distribution of the impact of gold
mining and its change over the past 20 years.

Along with land degradation, the study assessed vegetation recovery at historical
gold-mining sites in the Berelekh River basin. The total area of vegetation recovery was
estimated at 19,900 hectares, while the area impacted by gold mining between 2000 and
2021 was 29,600 hectares. The analysis of NDVI values indicated substantial vegetation
recovery in areas affected by gold mining before 2000, which is comparable in size to the
areas impacted by mining over the past 20 years.

Overall, these findings highlight the extent of land-cover changes related to gold-
mining activities in the Magadan region, emphasizing the concentration of mining sites in
specific areas and the importance of ongoing monitoring and environmental management
practices in mitigating these impacts. The assessment of the degree of land degradation
in the Magadan region cannot be compared to other similar regions in Russia as much
in detail, as such assessments were conducted only for the southern part of the Russian
Far East [65-67]. Thus, in the Amur River basin, 1123 mining sites in river floodplains
covering an area of 2111 km? were found based on Landsat-5 TM images. The total length
of impacted river valleys was estimated as 6537 km (1.6% of the total length of the rivers
in the Amur basin) [36,67]. An annual increase in the area impacted by gold mining in
alluvial placers was estimated at 15 km? only in the Amur region [68]. The degree of land
degradation was also analyzed in other regions like middle Yenisey [6] and Buryatia [69],
but only at individual gold-mining sites.

Yu et al. [70], showing the promising capabilities of remotely sensed data in under-
standing the dynamics of mining activities on a global scale, unveiled the trends regarding
surface mines in North America, South America, and Asia. It was observed that between
1980 and 2013, a substantial proportion of surface mines in North America underwent size
reduction, indicating successful rehabilitation efforts. In contrast, Asia and South America
saw notable expansions in mining areas, signifying increased mining activities in those
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regions. The consideration of the region’s harsh climatic conditions and permafrost and
their influence on vegetation restoration, as well as the impact on stream systems, including
pollution with suspended solids, is crucial to obtaining an understanding of the unique
challenges and potential environmental consequences not only on a regional scale but also
a global one.
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