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Abstract: Synthetic aperture radar (SAR) single look complex (SLC) Sentinel-1 data provide continuous all-
weather monitoring of the Earth’s surface and detection of texture change areas based on coherence maps. A
mining intensity assessment method is proposed in this paper to identify activity and stability areas by calcu-
lating the temporal activity index (TAI) – the frequency indicator of surface changes. The TAI value was cal-
culated from a time series of coherence-based normalized differential activity index (NDAI) robust to baseline
and temporal decorrelation. The method was applied to monitor the surface conditions of the Pyhäsalmi Mine’s
(Finland) open pits and waste dumps from May to September 2018–2022, using a time series of Sentinel-1A
images acquired in vertical transmit and vertical receive (VV) polarization with a 12-day time step. In each
of the observation seasons, TAI maps were generated and areas of activity were identified, mainly on the surface
of the waste dumps, at the bottom of the backfill open pit and on the slopes of the old open pit. Activity and
stability areas were validated using unmanned aerial vehicle (UAV)-based very high spatial resolution visual
orthomosaics and digital surface models (DSMs), which confirmed land cover changes in areas with high
TAI values and no changes in stability areas.

One of the important tasks of open-pit mining mon-
itoring is the identification of activity areas and unaf-
fected surfaces of mining sites (Wang et al. 2020).
Open-pit areas mapping is the basis for the automatic
calculation of geometric characteristics of mining
sites, dynamic assessment and production rates fore-
casting, identification of environmental disturbance
areas of adjacent territories, etc. GPS sensors can
solve the mapping problem, but this requires equip-
ping the entire fleet of vehicles, the use of specialized
software and technical staff to support the data col-
lection process (Agamennoni et al. 2009). The alter-
native is the use of aerospace images. The scope of
their application for monitoring mining activity
includes the generation of three-dimensional digital
surface models (DSMs) and digital elevation models
(DEMs), vertical displacement maps based on syn-
thetic aperture radar (SAR) data, and indicators of
the Earth’s surface conditions based on multispectral
optical and SAR data, with an accuracy correspond-
ing to the spatial resolution of the input data (Gama
et al. 2020; Parwata et al. 2020; Wei et al. 2020; Wu
et al. 2020; Camalan et al. 2022).

Very high spatial resolution (up to a few centi-
metres) unmanned aerial vehicle (UAV) survey
data can be used to produce detailed classification
maps and DSMs to track surface changes in open
pits and waste dumps (Ren et al. 2019). However,
they are not always available for a number of

reasons. Their disadvantages are their high cost,
labour intensity (the need for a team of qualified spe-
cialists (pilots, data analysts, etc.)), and the legal
aspects and rules for issuing flight permits. Many
drones have a short battery lifetime, requiring multi-
ple flights or the use of multiple drones when cover-
ing large areas (Fernández-Lozano et al. 2018).
Dependence on weather conditions complicates the
survey planning process and leads to its low fre-
quency of use.

DSMs and DEMs are widely used for modelling,
visual analysis of surface conditions of open pits
and waste dumps, automated change detection, and
generation of datasets for mining disturbance
detection (Hu et al. 2021;Wang et al. 2022). They can
be generated using commercial satellite data from
WorldView-3 (http://www.maxar.com), Pléiades,
SPOT 6/7 (http://www.intelligence-airbusds.com),
SuperDove (http://www.planet.com), GRUS–1
(http://www.axelspace.com), EOS SAT–1
(eos.com), etc. Open and free DEMs, such as the
Shuttle Radar Topography Mission (SRTM), with a
spatial resolution of 30 and 90 m, corresponding to
1 and 3 arcsecond grids, respectively, the ALOS
Global Digital Surface Model ‘ALOS World 3D
30 m (AW3D30)’ version (3.2 and 3.1), the ASTER
Global Digital Elevation Model (GDEM) 30 m, and
the Copernicus DEM 30 m have insufficient spatial
resolutions to track changes in small open pit areas
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(Yang et al. 2011; Santillan and Makinano-
Santillan 2016; Abrams et al. 2020; AIRBUS 2020;
Takaku et al. 2020).

SAR data provide the ability for regular all-
weather surface monitoring (Zhang 2021). With the
launch of the satellites Sentinel-1A on 25 February
2014 and Sentinel-1B on 25 April 2016, it became
possible to regularly monitor horizontal and vertical
surface displacements in the C-band, vertical trans-
mit and horizontal receive (VH) and vertical transmit
and vertical receive (VV) polarizations using the sin-
gle look complex (SLC) product (Nam et al. 2021;
Escayo et al. 2022). SAR data are most commonly
used to estimate vertical displacements of terrain
based on radar interferometry (Escayo et al. 2022).
For example, the persistent scatterer interferometry
(PSI) and Small BAseline Subset (SBAS) algorithm
have proven to be reliable tools for detecting and
monitoring Earth surface deformations (Devanthéry
et al. 2016; Tang et al. 2020). In particular, PSI pro-
cessing of Copernicus Sentinel-1 mission data has
been implemented in the Stanford Method of Persis-
tent Scatterer (StaMPS) software package of the Sen-
tiNel Application Platform (SNAP) (Foumelis et al.
2018). If a mine plan is available, vertical displace-
ment maps for mine areas allow identification of sur-
face subsidence above and around underground
workings and in their vicinity. In the case of open-pit
mines, subsidence maps are used to assess the impact
of blasting and to evaluate the amount of rock
removed from open pits or accumulated in waste
dumps. The contours of subsidence areas or new
rockfall boundaries provide information on the loca-
tion of mining activity areas. In some cases, how-
ever, surface mining activities may not be
associated with changes in elevation but may result
in disturbances to the land cover. Such processes
include, for example, changes in the ecological con-
dition of territories due to deforestation or reclama-
tion, violations of slope stability indicators, land
cover and hydrological disturbances, changes in
the shape, integrity and surface conditions (soil, veg-
etation, water bodies) of open pits and waste dumps,
etc., accompanied by changes in the Earth’s surface
texture. In addition, short-term drastic changes in
land cover cause significant decorrelation and
make it difficult to detect vertical displacements
(Wang et al. 2021; Zhang 2021). Coherence maps
generated from SAR data reveal areas of surface tex-
ture changes directly or indirectly related to mining
activity (Chatterjee et al. 2010).

Coherence is the modulus of the complex corre-
lation coefficient between two SLC images, which
contains information about the amplitude and
phase of the radar signal (Lu et al. 2021). If there
have been no surface changes in the interval between
two acquisition dates, the coherence values will be
close to 1. Mining operations change the surface

texture, causing coherence to decrease to values
close to zero (Kellndorfer et al. 2022). Washaya
et al. (2018) used the coherence change detection
(CCD) technique to classify areas of change in
order to detect and monitor anthropogenic and natu-
ral hazards in urban areas. Surface changes between
two monitoring dates are recorded as the percentage
increase/decrease in coherence relative to the refer-
ence observation date. In the case of open pit surface
monitoring, the date of the event (mining activity)
may not be known in advance. Therefore, this indica-
tor can be used to estimate the amplitude of change
for successive dates in the time series and to identify
areas of decreasing coherence as potential areas of
mining activity. The Otsu method can be used to
detect areas of low coherence associated with mining
activities (Otsu 1979; Wang et al. 2020). It is
assumed that the pixels of open-pit mining sites
form a low-value mode on the bimodal coherence
histogram, and the application of the Otsu method
eliminates the need to set an absolute value of the
threshold and to investigate the effect of the thresh-
old on the accuracy of the result. Amani et al.

(2021) produced maps of average coherence and
standard deviation over different observation inter-
vals (months, seasons) to classify wetland types.
For example, coherence values are higher in forested
wetlands than in open water, and areas with sub-
merged vegetation can be characterized by a high
standard deviation of coherence. A similar principle
can be used to classify open-pit mining sites, and to
detect activity and stability zones and vegetated rec-
lamation areas. Borlaf-Mena et al. (2021) used the
random forest method to solve the classification
problem based on a coherence time series for differ-
ent values of the temporal baseline. Damaged surface
areas can be detected based on coherence distribu-
tion percentiles (Olen and Bookhagen 2018). First,
‘reliable’ zones of potential events (excluding forests
and agricultural lands) are identified, for which the
standard deviation of coherence over the time series
is lower than 0.1. Next, the coherence at the esti-
mated event date is compared to a given percentile
of the pre-event coherence distribution. If the coher-
ence is below the percentile, it is assumed that the
event has occurred. In the case of detecting areas
of mining operations, it is possible to evaluate the
coherence distribution over a season and to reveal
potential ‘activity’ areas where coherence is below
a given percentile.

A frequency approach can be used to calculate
the total coherence changes per season. Manzoni
et al. (2021) calculated the temporal stability index
(TSI) as the relative frequency of cases exceeding a
given coherence threshold over a time series of
Sentinel-1 images. The TSI was used to assess the
stability of dunes in the Egyptian and UAE deserts.
The coherence threshold is fixed and does not change
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over time series of SAR images. The coherence is
assumed to be lower than 0.2 for unstable sites (Man-
zoni et al. 2021). At the same time, the threshold
value influences the area of sites classified as stable
by TSI.

Moon and Lee (2021) proposed using the normal-
ized differential activity index (NDAI) to estimate
surface changes based on coherence.TheNDAIover-
comes the problem of spatial decorrelation (‘baseline
decorrelation’), divided into volumetric decorrelation
and surface decorrelation, and temporal decorrela-
tion, related to the changes in dielectric and structural
properties of the scatterers: rain and snow, natural
growth, and leaf fall in the vegetated areas (Wang
et al. 2021). The NDAI calculation eliminates decor-
relation not related tomining and provides an activity
indicator that is robust to spatial and temporal decor-
relation. Stable pixels – areas with time-averaged
coherence values greater than 0.9 and standard devi-
ations less than 0.1 – are pre-selected on each coher-
ence image within the time series (Wang et al. 2021).
The coherence average and standard deviation
thresholds are chosen empirically, and can be 0.8
and 0.2, respectively; their values are the subject of
a separate study (Moon and Lee 2021). The NDAI
is calculated at each observation date as the normal-
ized difference index between the image-averaged
coherence in stable pixels and the coherence in pixels
of interest. RGB (red, green, blue) composites of
NDAIs averaged over observation periods (e.g. sin-
gle years of observation) allow detection of areas of
mining activity (Wang et al. 2021).

The aim of this study is to identify activity and
stability areas on the surface of the Pyhäsalmi
Mine (Finland) from Sentinel-1 coherence time
series by calculating the NDAI and frequency indica-
tor of surface changes. To achieve this goal, a
method is proposed in this paper for analysing
NDAI time series and calculating the temporal activ-
ity index (TAI) – a frequency indicator of NDAI val-
ues exceeding a given threshold.

Materials and methods

Study area

The Pyhäsalmi Mine is an underground copper, zinc
and pyrite mine located near the town of Pyhäjärvi,
Pohjois-Pohjanmaa (Northern Ostrobothnia), Fin-
land (Siikanen et al. 2022). The mine is currently
in the closure phase and mining operations have
been stopped since 1 September 2022. There are
two open pits on the mine site. The old open pit of
c. 0.12 km2, located in the northwestern part of the
mine site, was operated from 1962 to 1975. The
backfill open pit of c. 0.13 km2 is located in the
southeastern part of the mine site and was used for
rock-fill extraction. The waste rock is stored in
waste dumps. As of September 2022, there are
more than five waste rock dumps adjacent to the
open pits, which are constantly changing in size
and shape (Fig. 1). Changes in open pits and waste
dump surfaces are an indirect indicator of the pro-
duction process intensity.

Fig. 1. Study area of the Pyhäsalmi Mine (Finland). Source: basemap, Google Satellite (2024) Pyhäjärvi, available at
https://www.google.com/maps (last accessed 18 March 2024).

Open-pit mining activity and stability area mapping

Downloaded from https://www.lyellcollection.org by R4l All Groups on Nov 21, 2025

https://www.google.com/maps
https://www.google.com/maps


The observation season in the study area was
divided into two periods: from October to April,
with snow and ice on the surface, and from May to
September, which was a snowless period. Precipita-
tion is frequent throughout the year. There is sparse
vegetation on the slopes of the old open pit and forest
stands in the areas adjacent to the mine. This affects
the coherence values and is a factor of decorrelation,
which can cause false activity detection results.
Due to the non-flat surface of the mine area and the
inclined nature of satellite images, radar shadows
can occur on open pits and waste dump slopes.

Remote sensing data

SAR data

Satellite SAR Sentinel-1A SLC images in the inter-
ferometric wide (IW) mode were used to detect
open-pit mining activity and stability areas. The
Pyhäsalmi Mine area is covered by six Sentinel-1A
paths: 14, 87 and 160 (ascending), and 51, 80 and
153 (descending). The path 153 data were used in
this study. The path 153 image parameters are flight
direction descending, frames 378 and 379.

Coherence time series from May to September
2018–2022 were generated using Sentinel-1A SLC
IW data. The ability to observe surface conditions
at the Pyhäsalmi Mine depends on the season.
According to the Finnish Meteorological Institute
(ilmatieteenlaitos.fi), the snow season in Finland
generally lasts from November to March. The period
from May to September was chosen because of the
absence of snow and ice on the ground surface, the
presence of which can cause a decrease in coherence
and errors in the results. The time interval between
the acquisitions was 12 days. Sentinel-1B data
from 2018 to 2021 were not used in this study
because the spacecraft was subject to an anomaly
on 23 December 2021, resulting in a loss of data
transmission (Potin et al. 2022). As ground

verification data are only available for 2022,
Sentinel-1B data were also excluded from previous
years’ observations to maintain the integrity of the
experiment. The total number of Sentinel-1A images
for the entire observation period was 60. The total
number of coherence maps was 54 (Fig. 2). Data
were provided by the Golden-AI platform (http://
www.goldeneye-project.eu/ai-platform) and the
ASF Data Search Vertex service (search.asf.alaska.
edu) (Havisto et al. 2021). Data in VV polarization
were used in this study (Wang et al. 2021)

Sentinel-1A SLC data were preprocessed accord-
ing to the following main stages (Fig. 3) (Kavats
et al. 2020; Kellndorfer et al. 2022):

(1) applying orbit information about satellite
position during the SAR data acquisition;

(2) back geocoding: co-registration of two split
products based on the orbit information
added in the previous step and information
from a DEM;

(3) coherence estimation: coherence was calcu-
lated as a separate raster band and showed
how similar each pixel was between the slave
and master images on a scale from 0 to 1;

(4) TOPSAR deburst: removing the seam lines
between the single bursts;

(5) multilook: speckle reduction to eliminate ran-
dom outliers;

(6) range Doppler terrain correction: geocodes
the image by correcting SAR geometric distor-
tions using a DEM and produces a map-
projected product.

The enhanced spectral diversity (ESD) method esti-
mates constant azimuth offset of SAR images and
minimizes the inhomogeneity of bursts, allowing
the interferogram fragments to be combined (Wang
et al. 2017). Since the study area is located within
a single burst, this method was not used.

The Pyhäsalmi Mine area is located at 63.66°
north latitude; therefore, SRTM 1 arcsecond DEM

Fig. 2. Dates of Sentinel-1A coherence maps from orbit 153 and perpendicular baseline values for the 12-day
time interval.
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data could not be used for the ellipsoidal Earth phase
and topographic phase removal (its data is limited to
latitudes between –60° and 60°). Instead, the Coper-
nicus GLO-30 DEM was used (COP-DEM 2019;
AIRBUS 2020).

Ancillary data

Visual orthomosaics and DSMs of open pits and
waste dumps at spatial resolutions of 0.019 and
0.038 m, respectively, were used to verify the activ-
ity and stability area detection results. Areas of sur-
face elevation change associated with mining
operations were identified using DSM data. Data
were provided by Sitemark (http://www.sitemark.
com) based on UAV surveys on 6 June 2022 and 6
September 2022

In addition, the in situ data on soil conditions,
mine surface vegetation and the location of mine
workings were collected on 30 August and 1 Sep-
tember 2022. Figure 4 shows images of the backfill
open pit and pyrite concentrate dump.

There are numerous small groundwater outflow
areas at the bottom of the backfill open pit, which

may influence the spatial distribution of coherence
and reduce its values. The waste dump surfaces
are homogeneous and there is no vegetation on
the slopes.

Mining activity detection method

A method for detection activity and stability
areas on the mine surface is proposed in this
paper. The method is based on the analysis of
NDAI time series generated from Sentinel-1 coher-
ence maps and calculation of the frequency indicator
of NDAI variations relative to a given threshold
within the observation season (Sergieieva et al.

2023).

Coherence calculation

Coherence is estimated as a complex correlation
coefficient between two SLC images. It describes
the closeness of correlation between the complex
pixel values of two SLC images st1 and st2 at consec-
utive acquisition dates t1 and t2, and is calculated in a
sliding window of size N × M pixels (Jacob et al.

Fig. 3. General workflow diagram describing the main steps of the activity and stability areas detection method by
coherence, normalized differential activity index (NDAI) and temporal activity index (TAI) calculation.
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2020; Wang et al. 2021; Villarroya-Carpio et al.
2022):

γ=

∑N
i=1

∑M
j=1st1 (xi,yj)×s∗t2 (xi,yj)

∣

∣

∣

∣

∣

∣

�������������������������������������������������

∑N
i=1

∑M
j=1 |st1 (xi,yj)|

2×
∑N

i=1

∑M
j=1 |st2 (xi,yj)|

2
√

(1)

where xi, yj, i = 1, …N, j = 1, …M are the spatial
coordinates of image pixels and * represents
complex conjugation.

A sliding window of size 10 × 3 in range and azi-
muth was used in this paper (Moon and Lee 2021).
The spatial resolution of the resulting image was
20 m.

Coherence values range from 0 to 1, where 0
means absolute decorrelation and 1 is the maximum
similarity (Wang et al. 2021). Stable surface areas
are characterized by coherence values close to 1
(Moon and Lee 2021). To identify stable pixels
with high coherence values throughout the time
series, Moon and Lee (2021) proposed to calculate
the temporal mean and standard deviation of the
coherence in each pixel (Fig. 5a, b). In stable pixels,
the temporal average of coherence is higher than 0.8
and the temporal standard deviation of coherence is
lower than 0.2 (Fig. 5c).

Calculation of NDAI

Coherence decrease due to phase decorrelation is
caused by the influence of various factors. There
are thermal, spatial and temporal decorrelations.
The influence of thermal noise is typically neglected
due to the good signal-to-noise ratio of modern SAR
sensors (Lee and Liu 2001; Funning and Garcia
2019; Wang et al. 2021). Spatial (γspatial) or baseline
decorrelation consists of volume (γvolume) and sur-
face (γsurface) decorrelation (Lu et al. 2018; Wang
et al. 2021). Volume decorrelation is generally
observed in areas of vegetation cover. For example,
at the Pyhäsalmi Mine site, sparse vegetation covers
the slopes of the old open pit and the areas adjacent to
the mine sites have dense forest cover. Surface
decorrelation is caused by the terrain and depends
on the perpendicular baseline (γbaseline). As the per-
pendicular baseline increases, coherence decreases
(and surface decorrelation increases). A decrease in
coherence in the interval between two surveys, or
temporal decorrelation (γtemporal), is associated with
changes in dielectric properties and the Earth’s sur-
face texture due to meteorological events (γweather),
changes in vegetation conditions, mining operations
(γactivity) and other factors (Zhang et al. 2020; Moon
and Lee 2021; Villarroya-Carpio et al. 2022). Tem-
poral decorrelation can be caused by changes in the
vegetation leaf area (leaf emergence in spring andF
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leaf fall in autumn), precipitation (snow, rain) and
surface works. From October to May there is snow
on the surface of the Pyhäsalmi Mine, weather con-
ditions are unstable and precipitation is very fre-
quent. This period was therefore excluded from
the analysis.

Decorrelation can be represented as follows
(Moon and Lee 2021; Wang et al. 2021):

γ = γspatial × γ temporal

= γbaseline × γweather × γactivity. (2)

Wang et al. (2021) proposed excluding the influ-
ence of weather conditions on the coherence reduc-
tion by calculating the spatial average γ

stable in
stable pixels for each coherence image. In some
cases, the spatial average in γ

stable was lower than
0.8 (Fig. 6a), which can be caused by weather condi-
tions. In early May, the air temperature reached

positive values and snow and ice melted. On other
days, the Landsat 8 and Sentinel-2 optical images
often had a high cloud cover rate. Sentinel-1 images
with average spatial coherence lower than 0.8 were
excluded from further processing. Thus, the resulting
coherence time series consisted of 43 images and
decorrelation can be represented as:

γ = γspatial × γ temporal = γbaseline × γactivity. (3)

The influence of the perpendicular baseline value
on the coherence variation was evaluated. For the
Sentinel-1A SLC image sample, the absolute values
of the perpendicular baseline, after excluding images
with coherence lower than 0.8, ranged from 1 to
121 m. Figure 6b shows a linear regression of the
spatially averaged coherence values in stable pixels
on the perpendicular baseline. There was a down-
ward trend: coherence decreased slightly with the
increase in the perpendicular baseline. The Pearson

Fig. 5. Preliminary analysis of the Sentinel-1A coherence time series for 2018–2022: (a) temporal average of
coherence; (b) standard deviation of coherence; (c) stable pixels for which the temporal average of coherence is
higher than 0.8 and the temporal standard deviation of coherence is lower than 0.2. Source: basemap, Google Satellite
(2024) Pyhäjärvi, available at https://www.google.com/maps (last accessed 18 March 2024).

Fig. 6. Scatterplots of Sentinel-1A spatially averaged coherence in stable pixels for different acquisition dates and
perpendicular baseline values, 2018–2022: (a) average coherence in stable pixels on each acquisition date (images
with spatially averaged coherence in stable pixels lower than 0.8 were excluded from further analysis); (b) linear
regression of the average coherence in stable pixels on the absolute value of the perpendicular baseline; (c) linear
regression of spatially averaged normalized differential activity index (NDAI) in stable pixels on the absolute value of
the perpendicular baseline.
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correlation coefficient was −0.39 and the P-value
was 0.01 (less than 0.05), indicating that the correla-
tion was statistically significant. For comparison, in
the paper by Wang et al. (2021), the Pearson’s pair-
wise correlation coefficient was −0.33 for a sample
of 70 observations, with a P-value equal to 0.005.

It can be seen that γbaseline still affected the coher-
ence and prevented its use as a measure of the change
in surface decorrelation due to mining activity. To
reduce γbaseline, Moon and Lee (2021) proposed the
calculation of the NDAI to reduce decorrelation
using the spatial average of γstable coherence in stable
pixels:

NDAI =
γ
stable − γ

target

γstable + γ target
(4)

where γ
stable is the spatial average of coherence in

stable pixels and γ
target is the coherence value in

each target pixel of each coherence image.
Taking into account the components of the decor-

relation, the NDAI can be represented as follows
(Wang et al. 2021):

NDAI =
γ
stable
baseline × γ

stable
activity − γ

target
baseline × γ

target
activity

γ
stable
baseline × γ

stable
activity + γ

target
baseline × γ

target
activity

.

(5)

Since the spatial decorrelation γbaseline is approx-
imately the same in stable and target pixels for
each coherence map (γstablebaseline = γ

target
baseline), the NDAI

equation can be represented as follows (Wang
et al. 2021):

NDAI =
γ
stable
activity − γ

target
activity

γ
stable
activity + γ

target
activity

. (6)

The NDAI values are mostly in the range from 0
to 1. NDAI values close to 0 correspond to the most
stable areas, while values close to 1 correspond to
activity areas. If the coherence in a pixel is higher
than γ

stable, the NDAI values are negative.

Calculation of the TAI

Mining processes disturb the integrity of the Earth’s
surface and change its texture. The TAI is an esti-
mate of mining intensity and is calculated as the rel-
ative frequency of dates with low coherence and high
NDAI values (Manzoni et al. 2021). The TAI is
designed to identify areas of intense mining, as
well as stable areas where the surface texture has
changed little. The NDAI was used as an estimate
of mining activity, where high values correspond
to a high intensity of change. thNDAI is the NDAI

threshold value. At each date of coherence calcula-
tion t on a time series of T observations (t = 1, …,
T ), a binary raster mask of activity and stability
areas was created. The pixels of the mask were
equal to 1 if NDAIt . thNDAI and 0 in the opposite
case.

TAI =
1

T

∑

T

t=1

(NDAIt . thNDAI). (7)

To determine the thNDAI value more precisely,
the Otsu method of finding a local minimum on the
bimodal histogram was used, according to the fol-
lowing steps (Wang et al. 2020; Kavats et al. 2022):

(1) remove NDAI outliers (NDAI values below
the 0.005 quantile or above the 0.995 quantile
were replaced by the corresponding quantile);

(2) evaluate the distribution density function (ker-
nel density estimation with a Gaussian kernel);

(3) find the local minimum of the distribution den-
sity function;

(4) check whether the minimum is close to one of
the histogram edges – if not, the required
threshold has been found.

Each pixel of the TAI map contained the frequency
of observation dates with low coherence and high
NDAI values, which was a statistical estimate of
the probability of mining operations. The time series
of TAI maps generated for each observation season
allowed tracking of the dynamics of mining opera-
tions and monitoring of changes over time.

The general workflow of the activity and stability
areas detection method is shown in Figure 3.

Calculation steps were implemented in the R pro-
gramming language of version 4.1.1 (R Core Team
2020) in the Integrated Development Environment
(IDE) RStudio 2021.09.0 (RStudio Team 2022),
using the ‘terra’ package (Hijmans 2022).

Results

NDAI maps

Figure 7 shows typical examples of coherence and
NDAI maps for some monitoring dates for 2019
and 2022, as well as the closest date-matched
high-spatial-resolution optical images from the Goo-
gle Earth service. The top line (Fig. 7a–c) shows the
2019 data, including SAR data for 3 August 2019
and the optical image for 28 July 2019. The bottom
line (Fig. 7d–f) shows the 2022 data, including
SAR data for 4 September 2022 and the optical
image for 29 July 2022.

The most stable sites with high coherence
(Fig. 7a, d) and low NDAI values (Fig. 7b, c) were
mainly located in the open-pit areas of the Pyhäsalmi
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Mine and near the tailing ponds. Some high coher-
ence values were observed along the roads. The
rest of the area was covered by water bodies, includ-
ing Lake Pyhäjärvi and active tailings ponds, and
forest and agricultural lands, the surface texture of
which is constantly changing, resulting in low coher-
ence (high NDAI) values.

The maps in Figure 7a, d show the actual range of
coherence values, which can be extended to mini-
mum and maximum acceptable values from 0 to 1
for the purpose of comparing multi-temporal maps.
As the spatial average of coherence in stable pixels
for each individual monitoring date was used to cal-
culate the NDAI, there was no single standard range
of NDAI values, making it difficult to quantitatively
and visually compare multi-temporal NDAI maps.
The range of NDAI values was slightly larger than
the range of coherence values (up to 0.08) and in
some cases did not significantly exceed 1 (up to
1.04). For the time series analysed, NDAI values
generally ranged from −0.10 to 0.95, and coherence
values ranged from 0.02 to 0.99.

Figure 8 shows the relationship between the pixel
values of the coherence and NDAI maps, their histo-
grams for 4 September 2022 (Fig. 7d, e) and the aver-
aged data for 2018–2022.

As shown in Figure 8a, the NDAI and coherence
values were characterized by a non-linear (hyper-
bolic) relationship: a narrow range of low coherence
values corresponded to a wider range of high NDAI
values and vice versa. For example, low coherence
values from 0.04 to 0.25 (range 0.21) corresponded
to NDAI values from 0.54 to 0.91 (range 0.37),
and high coherence values from 0.50 to 0.99
(range 0.49) corresponded to NDAI values from
−0.08 to 0.26 (range 0.34). This should be taken
into account when selecting thresholds to distinguish
areas of activity from areas of stability. As a result of
the non-linearity of the relationship, the NDAI histo-
gram for the data from 4 September 2022 had a more
pronounced narrow mode of low values correspond-
ing to high coherence values (Fig. 8b, c). For the
2018–2022 averaged images, the histograms had
narrow modes of high NDAI and low coherence val-
ues corresponding to areas of continuous surface tex-
ture change, and a wide ‘plateau’ of high coherence
values and low NDAI values corresponding to stable
areas of the Earth’s surface (Fig. 8d, e).

The minimum and maximum values of the NDAI
averaged for the time series of 43 images for 2018–
2022 were −0.05 and 0.64, respectively. For the
averaged coherence, the minimum and maximum

Fig. 7. Comparison of coherence maps, the normalized differential activity index (NDAI) and the closest
date-matched high spatial resolution optical satellite images for some 2019 (a–c) and 2022 (d–f) dates. (a) Sentinel-1
coherence on 22 July 2019–03 August 2019; (b) Sentinel-1 NDAI on 22 July 2019–03 August 2019; (c) Google
Earth high spatial resolution image from 28 July 2019; (d) Sentinel-1 coherence on 23 August 2022–04 September
2022; (e) Sentinel-1 NDAI on 23 August 2022–04 September 2022; (f) Google Earth high spatial resolution image
from 29 August 2022.
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values were 0.05 and 0.95, respectively. The thresh-
old values for NDAI thNDAI and coherence thCoh
indicated separate activity and stability areas.
Wang et al. (2021) suggested using 0.2 as the thresh-
old value, which roughly corresponded to the middle
of the ‘plateau’ of low values in the histogram of the
averaged NDAI (Fig. 8e).

The threshold obtained for the averaged NDAI
data thNDAI = 0.19 was close to the one proposed
by Wang et al. (2021) (Fig. 8e). thCoh = 0.59
(Fig. 8c). NDAI values higher than thNDAI (сoher-
ence values lower than thNDAI) corresponded to
areas of activity. In comparison, Manzoni et al.
(2021) proposed detecting activity areas using a
coherence threshold of 0.2. The obtained threshold
thNDAI was used to separate activity and stability
areas based on the TAI.

TAI maps

Figure 9 shows NDAI and TAI maps averaged over a
time series of 43 observations (2018–2022). The
least stable areas were the water surfaces of Lake
Pyhäjärvi and the Pyhäsalmi Mine tailing ponds, as
well as forest and agricultural vegetation around
the mine. For these areas, the average NDAI values
were close to 0 or negative (Fig. 9a), and the TAI val-
ues were close to 1. The most stable areas are the
open artificial surfaces (asphalt pads, roofs of build-
ings and facilities) in the Ruotanen settlement,
located 0.5 km north of the mine. The TAI values
were close to 0.5 and higher for roads to the NE of
the mine, which may have been due to the influence
of adjacent vegetation cover and mixed pixels which
falsely intensified the activity indicators.

Fig. 8. Relationship between coherence and normalized differential activity index (NDAI) values for Sentinel-1 data
on 4 September 2022. (a) Functional relationship; (b) histogram of coherence values on 4 September 2022 (Fig. 7d);
(c) histogram of averaged coherence values for 2018–2022; (d) histogram of NDAI values on 4 September 2022
(Fig. 7e); (e) histogram of averaged NDAI values for 2018–2022.

Fig. 9. Averaged maps for 2018–2022. (a) Normalized differential activity index (NDAI); (b) temporal activity
index (TAI).
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Themine’s tailing ponds contained areas of activ-
ity and stability. Tailing pond A (Fig. 1) was decom-
missioned in October 1997 (Kavats et al. 2022). Its
surface is covered by sparse vegetation with a con-
stantly changing surface texture, and it was charac-
terized by low NDAI and high TAI values. Tailing
ponds B and D are active and contain pyrite concen-
trate (Mäkinen and Lerssi 2007). The southern part
of tailing pond B is a relatively stable area of open
ground with low-intensity alteration. The central
part of the pond contains a mixture of industrial
wastewater. The dam surface in the western and
northeastern parts of the ponds is also relatively sta-
ble over time. Tailing pond D is actively operated
and the unvegetated slopes of its northern and east-
ern dams are almost unchanged over time. Tailing
pond C is a sump and functions as a mine water
basin (Kavats et al. 2022). The persistent presence
of water causes continuous changes in surface tex-
ture, resulting in low NDAI and high TAI values.

Open-pit mining, waste dump formation and pro-
cessing occur with varying intensities in different
areas. High and close to 0.5 TAI values (Fig. 9b)
were mainly observed in the backfill open pit, in
the areas of waste dumps to the east of the old
open pit and on the vegetated eastern slope of the
old open pit. The mine area mainly consists of
open surfaces with low intensity of change.

It should be noted that TAI characterizes the
intensity of changes in surface texture (horizontal
component of mining operations) and does not repre-
sent information on changes in waste dump height
and open-pit depth (vertical component).

Figure 10f–j shows TAI maps for each year of
observation. For comparison, Figure 10a–e shows
the Sentinel-2 RGB composites for one of the dates
of each year. Contours of open pits and waste
dumps are shown in white (Fig. 1).

High TAI values along the study area boundaries
were primarily caused by forest stands forming
mixed pixels. Sparse vegetation is present on the
eastern slope of the old open pit, where areas of
increased activity associated with permanent
changes in canopy texture were observed in all
years. High TAI values were observed on the west-
ern slope of the backfill open pit. This may have
been caused by the inclined descending orbit of a sat-
ellite moving from north to south (Kavats et al.
2022). Uneven terrain caused radar shadows on the
open-pit slopes, which looked like areas of low
coherence and could be misinterpreted as activity
zones. This assumption needs to be verified by com-
paring activity maps from two orbits (ascending and
descending) and will be the subject of further
research.

Based on the TAI time series analysis (Fig. 10f–
j), the following conclusions can be drawn. During
the observation period, the area of activity at the

bottom of the backfill open pit moved from its south-
western to its northeastern part. The intensity of the
activity varied and reached its maximum in 2020
and 2021. The waste dump in the northern part of
the mine has changed in shape and area. Continuous
intense changes were observed in the central part of
the old open pit. Some activity was observed on the
adjacent eastern slope, probably caused by crum-
bling of waste rock or slope instability. Continuous
changes related to mining activities were observed
on the surface of the waste dump in the southern
part of the study area and on the adjacent southern
slope of the old open pit. In 2018, the intensity of
changes reached their maximum in the western part
of waste dump, in 2020 it was more pronounced in
the eastern part, and in 2021 and 2022 the maximum
changes were observed in the northern part. Changes
in the open-pit slope texture may also have been
related to rock crumbling. At administrative build-
ings and industrial facilities locations, waste rock is
periodically dumped and removed, resulting in
small activity indicators. In general, the northern
part of the backfill open pit, northern and eastern
slopes of the old open pit, and open surfaces in the
western part of the study area remained the most sta-
ble (TAI values close to zero) during the observation
period.

Figure 10k–p shows the areas where changes
occurred on half or more of the observation dates
of each monitoring period (activity areas, TAI ≥
0.5) or where there were no changes (stability
areas, TAI = 0). When identifying activity and
stability areas (Fig. 10k–o) based on TAI maps
(Fig. 10f–j), vegetation, radar shadows and water
surfaces were preliminarily eliminated.

During the observation period from 2018 to
2022, production-related surface changes at the
Pyhäsalmi Mine occurred mainly in the eastern and
northern parts of the backfill open pit, on the north-
ern slope of the nearest waste dump, on the slopes
of the waste dump in the northern part of the mine,
and in areas near administrative buildings and facil-
ities. In 2022, the mining activity areas identified by
the TAI map were verified by UAV RGB visual
orthomosaics and DSM data: TAI values higher
than zero corresponded to the largest vertical
changes on the Earth’s surface. The most stable
areas were in the northern and southern parts of the
backfill open pit, on the old open-pit slopes, and in
the western and southern parts of the mine area.

Mining activity analysis

Outlining zones of interest

Consider some areas with TAI values above zero
(activity zones) and mine surface fragments with

Open-pit mining activity and stability area mapping
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Fig. 10. (a–e) Sentinel-2 RGB composites (column ‘Sentinel-2’): (a) on 2 July 2018; (b) on 27 July 2019; (c) on 24
June 2020; (d) on 29 June 2021; (e) on 1 July 2022. (f–j) Temporal activity index (TAI) maps generated from May to
September of each monitoring year (column ‘TAI’): (f ) 2018; (g) 2019; (h) 2020; (i) 2021; (j) 2022. (k–p) Contours
of activity areas (TAI ≥ 0.5) and stability areas (TAI = 0) at open pits and waste dumps excluding vegetation, radar
shadows and water surfaces in each of the monitoring years (column ‘Activity and stability areas’): (k) 2018; (l)
2019; (m) 2020; (n) 2021; (o) 2022; (p) 2018–2022. Source: basemap, Google Satellite (2024) Pyhäjärvi, available at
https://www.google.com/maps (last accessed 18 March 2024).
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zero TAI (stability zones). There are several zones of
interest (Fig. 11):

(1) activity zone 1 (A1): pyrite concentrate in the
northern part of the mine site;

(2) activity zone 2 (A2): waste dumps near admin-
istrative buildings and facilities;

(3) activity zone 3 (A3): waste dumps in the south-
ern part of the mine site and the southern slope
of the old open pit;

(4) stability zone 1 (S1): open surface area in the
northern part of the old open pit;

(5) stability zone 2 (S2): northwestern slope of the
backfill open pit;

(6) stability zone 3 (S3): open surface area in the
eastern part of the mine site.

Waste dump surfaces in active areas are subject to
continuous changes due to production processes.
As part of the Goldeneye project, interferometric
SAR (InSAR)-based measurements of displace-
ments performed by Callio Lab Research Centre
using Sentinel-1 data for June–September 2022

showed modified surface slope erosion on waste
dump surfaces in zones A1 and A3, which was
another factor of surface change (Kotavaara et al.

2023). In different years, TAI values different from
0 and/or close to 1 (Fig. 10) have been observed
in different parts of zones A1–A3, only rarely cover-
ing the whole area of each zone. In stability zones,
activity is either completely absent or present in
small fragments of each site, but TAI values in
these zones are close to zero.

To confirm the presence of mining activities in
zones A1–A3, it was checked whether vertical dis-
placements of the Earth’s surface occurred there.
To do this, DSM data were used for June and Sep-
tember 2022.

Comparison of TAI maps with DSM maps

In 2021–2022, as part of the Goldeneye project, field
trials were conducted at the mine site, including
UAV data collection. The Sitemark company sur-
veyed a 1.51 km2 area, employing a pilot with a

Fig. 11. Selected activity (A) and stability (S) zones in the Pyhäsalmi Mine area for 2018–2022. Source: basemap,
Google Satellite (2024) Pyhäjärvi, available at https://www.google.com/maps (last accessed 18 March 2024).
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DJI Matrice 300 RTK and DJI Zenmuse P1 sensor.
The survey was carried out on 9 September 2021,
6 June 2022 and 6 September 2022. The first survey
date was excluded from consideration as the identifi-
cation of surface changes between September 2021
and June 2022 required consideration of the periods
with snow and ice (from mid-autumn to mid-spring).
Data from the second and third surveys were used
to analyse and validate the results. On each of
the dates, Sitemark provided DSMs from drone-
operated RGB sensing.

To identify vertical surface displacements
between the second and third surveys, the DSM dif-
ference was calculated (Fig. 12a). The mean height
difference for the study area is 0.4 m and the stan-
dard deviation is 1.2 m. Figure 12a shows the height
differences in the range of mean+ standard devia-
tion, but there are variations outside this range.
They are represented in Figure 13a by the colours
of the difference limit values.

A TAI map was generated using six NDAI maps
in the date range from 24 June to 4 September 2022,
which was the middle of the interval between the
DSM acquisition dates (Fig. 12b).

It was assumed that the areas of maximum verti-
cal surface displacement according to the DSM data
corresponded to the areas of surface texture change
(activity areas) according to the TAI data and that
no changes occurred in the stable vertical surface
areas. To test this assumption, the TAI map and the
DSM difference map of the activity and stability
areas were compared (Fig. 12), and also compared
the high spatial resolution RGB images obtained
by the company Sitemark from the UAV observa-
tions of 6 June and 6 September 2022 for the activity
and stability areas (Figs 13 & 14). The contours of
the zones of interest (Fig. 11) are marked with
black lines in Figure 12

A1 (Fig. 13a, d) covered part of the pyrite con-
centrate slope. The dump surface was subject to fre-
quent changes during the 2022 summer season
(Fig. 12b), and in 2022 this area was one of the
most heavily mined. The maximum TAI value here
was 1. A reduction in surface elevation of up to
5.51 m occurred on the northern dump slope. Tex-
tural changes due to rockfall were also observed on
the northern slope of the old open pit.

A2 (Fig. 13b, e) was close to industrial buildings
and included three small waste dumps with some
rock removed by September. The reduction in sur-
face height was 6.71 m. Each of the waste dumps
showed intense activity in individual pixel groups.
Changes occurred on every date or on a majority of
observation dates (Fig. 12b).

A proportion of the rock layer was also removed
from the slope of the south waste dump in zone A3
(Fig. 13c, f), and the maximum height reduction
was 2.82 m. The area of the activity zone was

significantly larger than the area of elevation change,
which was caused by changes in the texture of the
scarp slope due to rock deposition. There were no
changes in surface elevation in stability areas
(Fig. 14).

In stability zones (Fig. 14), there were no changes
in surface texture; the TAI values were equal to zero.
Minor vertical displacements corresponded to
changes in surface texture due to wind and water ero-
sion of soil, as well as vehicle movements (S2 ;
Fig. 14b). In S1 (Fig. 14a), vertical variations in sur-
face height were c. 0.2 m in absolute value, and in S2
(Fig. 14b) they were c. 0.4 m, while in S3 (Fig. 14c)
they were c. 0.1 m.

Dynamics of NDAI changes in the zones

of interest

The dynamics of changes in the maximum NDAI
were evaluated for May–September 2022 for each
activity (Fig. 15a) and stability (Fig. 15c) zone,
and box plots of the spatial maximum NDAI values
(Fig. 15b, d) were generated for a time series of
43 observations.

The time series of spatial maximumNDAI values
for each zone (Fig. 15a, c) show the maximum activ-
ity on each monitoring date relative to neighbouring
dates. For example, in A1, the maximum activity was
observed on 24 June 2022 and 11 August 2022. The
dynamics of changes in the maximumNDAI in A2 at
the beginning of the 2022 monitoring period approx-
imated the dynamics in zone A1, with a maximum
NDAI on 24 June 2022. For all zones, the maximum
NDAI values exceeded the thNDAI thresholds, gener-
ally indicating activity at at least one of the sites
within each zone. In stability zones (Fig. 15c), the
maximum NDAI values were predominantly below
thNDAI. In S1, the maximum NDAI was 0.21 on 11
August 2022, while in S2 the maximum NDAI was
0.29 on 30 July 2022. The maximum NDAI values
within the stability zones, which were not signifi-
cantly above the threshold, indicated small changes
in the surface texture which may have been related
to weather effects.

Box plots of the maximum NDAI for each zone
(Fig. 15b, d) describe the frequency of surface
changes over time (including those due to mining).
The higher the median, the lower the interquartile
range and the difference between the minimum and
maximum, and the higher the frequency of surface
change. For example, the median of the maximum
spatial values of A3 was the highest (0.74) and the
interquartile range was the lowest (0.11) (Fig. 15b),
indicating a high intensity of surface change in the
southern waste dump area compared to other
zones. The largest interquartile range of maximum
NDAIs was observed in A2 (0.24). During the obser-
vation period, relatively frequent activity was
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Fig. 12. Comparison of the digital surface model (DSM) difference map and temporal activity index (TAI) map. (a) DSM difference map between 6 June 2022 and 6 September
2022; (b) TAI map generated by normalized differential activity index (NDAI) data from 24 June 2022 to 4 September 2022. Source: basemap, Google Satellite (2024)
Pyhäjärvi, available at https://www.google.com/maps (last accessed 18 March 2024).
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observed in the northern dump area (A1). The
median of the maximum NDAI values here was
0.63, and the interquartile range of the NDAI was
0.11. In stability zones (Fig. 15d), the median of

spatially maximumNDAI values and the upper quar-
tile did not exceed the threshold value thNDAI, which
generally indicated the absence of intensive activity
at the sites.

Fig. 13. Comparison of high spatial resolution RGB images of activity zones on 6 June 2022 and 6 September 2022:
(a) activity zone 1, 6 June 2022; (b) activity zone 2, 6 June 2022; (c) activity zone 3, 6 June 2022; (d) activity zone
1, 6 September 2022; (e) activity zone 2, 6 September 2022; (f ) activity zone 3, 6 September 2022.

Fig. 14. Comparison of very high spatial resolution RGB images of stability zones for 6 June 2022 and 6 September
2022: (a) stability zone 1, 6 June 2022; (b) stability zone 2, 6 June 2022; (c) stability zone 3, 6 June 2022; (d)
stability zone 1, 6 September 2022; (e) stability zone 2, 6 September 2022; (f) stability zone 3, 6 September 2022.
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Comparison of NDAI with coherence maps

The results of activity area detection based on coher-
ence and NDAI maps were compared for two obser-
vation dates using thresholds found by the Otsu
method. Figure 16 shows histograms of the coher-
ence map (Fig. 16a), NDAI map (Fig. 16b), the func-
tional relationship between coherence and the NDAI
(Fig. 16c), activity maps generated using the thresh-
old found by the Otsu method based on Sentinel-1
data on 24 June 2022 (Fig. 16d, e), and those
based on the functional relationship between coher-
ence and the NDAI (Fig. 16f).

The intermodal minimum of the NDAI histogram
(Fig. 16b) was more pronounced and had a narrower
range of values compared to the intermodal mini-
mum of the coherence histogram (Fig. 16a), provid-
ing more clarity on the applicability of Otsu’s
method for finding the threshold.

The Otsu thresholds separating the activity and
stability areas were thNDAI = 0.13 and thCoh =
0.74, respectively. The activity areas corresponded
to the NDAI map pixels with values above thNDAI
(Fig. 16e) and coherence map pixels with values
below thCoh (Fig. 16d). The coherence-based activity
map generated using the thCoh threshold (Fig. 16d)
contained a larger area of activity compared to the
NDAI-based activity data (Fig. 16e). Considering
the functional relationship between coherence and
the NDAI, a value of thNDAI = 0.13 corresponded
to th∗Coh = 0.68. In this case, the coincidence
between the activity maps in Figure 16d, e was
99.7%.

Discussion

Comparison of coherence and NDAI maps

Coherence is a characteristic of invariability of the
radar signal reflected from the Earth’s surface on
consecutive observation dates. The range of coher-
ence values is fixed, making it possible to compare
its absolute values on different dates. High coher-
ence values are characteristic of stable areas. Unlike
coherence, the NDAI is aimed at removing the
decorrelation noise, identifying activity areas, and
has high values in the case of surface changes in
the interval between acquisitions. As the NDAI cal-
culation is based on average coherence in stable pix-
els, the values of which are different for different
dates, the range of NDAI values is not universal,
and in some cases the NDAI may have negative val-
ues for stable areas.

As shown in Figure 8a, there was a non-linear
(hyperbolic) dependence between the NDAI and
coherence (Fig. 8a). This dependence was character-
istic of all observation dates and allowed a mutuallyF
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Fig. 16. Comparison of coherence and normalized differential activity index (NDAI) maps generated from Sentinel-1 data on 24 June 2022: (a) histogram of coherence with the
labelled threshold value; (b) histogram of the NDAI with the labelled threshold value; (c) functional relationship between coherence and the NDAI; (d) activity map generated
from coherence data based on the threshold value, found by the Otsu method; (e) activity map generated from NDAI data based on the threshold value found by the Otsu
method; (f ) activity map generated from coherence data based on the threshold value found by the functional relationship between coherence and the NDAI. Source: basemap,
Google Satellite (2024) Pyhäjärvi, available at https://www.google.com/maps (last accessed 18 March 2024).
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unambiguous correspondence between coherence
and the NDAI to be established.

The study area was characterized by the presence
of two modes in the histograms of coherence and the
NDAI (Fig. 8b, d). The mode of low coherence val-
ues (high NDAI values) corresponded to activity
areas and the second mode corresponded to stability
areas. The presence of two modes made it possible to
apply the Otsu method to find the threshold of coher-
ence (thCoh) and the NDAI (thNDAI), separating the
activity and stability regions. The hyperbolic depen-
dence also described the relationship between
thresholds thCoh and thNDAI at individual observation
dates. The threshold for time-averaged NDAI maps,
which differed from the thresholds on individual
dates, was used in this paper.

The formation of an analytical model that pro-
vides the transition from coherence to the NDAI
will make it possible to avoid the need for empirical
calculations of the NDAI in order to reduce the influ-
ence of spatial and temporal decorrelation. The
determination of such a dependence will be the sub-
ject of a separate study.

Influence of the perpendicular baseline

The results of activity area mapping are highly
dependent on the Sentinel-1 acquisition parameters:
flight direction, time interval between successive
image acquisitions and the perpendicular baseline.

The section ‘Calculation of NDAI’ describes the
influence of the perpendicular baseline value on the
coherence variation. There was a decreasing trend
in the linear regression of spatially averaged coher-
ence values in stable pixels on the perpendicular
baseline. It can be assumed that decorrelation can

be removed by excluding from consideration image
pairs for which the perpendicular baseline value is
higher than some limit. However, the elimination
of some of the images shortens the time series of
observations and reduces the informativeness of
the results. In addition, the significance and confi-
dence interval of the correlation coefficient between
the coherence values and perpendicular baseline
changes with the number of images. When the num-
ber of images decreases, the significance decreases.
In our case, the minimum number of Sentinel-1
image pairs significant for analysis was 40.

Comparison with displacement maps

Vertical and horizontal surface displacement veloci-
ties in the vicinity of the mine for the period 2019–
2022 were calculated using Sentinel-1 SLC data
(Fig. 17). An annual observation interval of 23
April–26 October was used. Observations were
made during the snowless period. Ascending and
descending orbit data are required to produce surface
displacement velocity maps. The 160th ascending
and the 153rd descending orbits were selected and
the surveys for these orbits were carried out on the
same dates. From 2019 to 2021, surveys were
performed at 6-day intervals and in 2022 at 12-day
intervals. Time series and displacement maps were
generated from the unwrapped interferograms
using theMintPy application. The resulting displace-
ment velocity maps were represented by raster grids
at a spatial resolution of 40 m.

For all observation dates, the minimum and max-
imum vertical displacement velocities were −0.061
m yr−1 (2020) and 0.046 m yr−1 (2022). The
minimum and maximum horizontal displacement

Fig. 17. Horizontal and vertical displacement velocity maps for 2019–2022. Source: basemap, Google Satellite
(2024) Pyhäjärvi, available at https://www.google.com/maps (last accessed 18 March 2024).
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velocities were −0.104 m yr−1 (2019) and
0.057 m yr−1 (2020). The whole range of vertical
and horizontal displacement velocities was divided
into equal intervals from −0.02 to 0.02 m yr−1.
This interval covered more than 90% of the displace-
ments. The ‘equal intervals’ classification scheme
was chosen to compare results between years
(Fig. 17). Individual pixels with velocity values out-
side the specified range were assigned to boundary
classes. Note that the red colour in Figure 17 (nega-
tive velocities) indicates movement away from the
satellite, while the green colour (positive velocities)
indicates movement towards the satellite (Shi et al.
2020).

The maximum absolute vertical displacement
velocities were observed near the northern slope of
the old open pit for all years of monitoring. High
TAI values were also observed (Fig. 10g–j), which
generally characterizes this area as unstable and sub-
ject to change. Maximum positive horizontal dis-
placement velocities were mainly observed in the
western part of the mine site near the old open-pit
slope, in the northern waste dump area and in the
vicinity of the administrative buildings, which was
most noticeable in 2020.

Limitations and opportunities

The proposed approach has some limitations that
affect the accuracy of the result and are caused by
the influence of weather conditions, surface charac-
teristics, the inclined nature of satellite images and
their spatial resolution. Heavy precipitation, espe-
cially snow cover, increases decorrelation and
requires the exclusion of some images from consid-
eration, reducing the time series and lowering the
informativeness of the result.

Water surfaces and areas of vegetation cover,
such as tailings ponds covered with a water mixture
of industrial waste, as well as forests and meadows in
the vicinity of the mine, are also low coherent. They
have to be identified in advance and excluded from
subsequent analyses. Increasing the perpendicular
baseline also reduces coherence.

Due to the inclined survey, radar shadows are
present on uneven surfaces (slopes of open pits,
dumps). Shadow areas are characterized by low
coherence and can be misinterpreted as areas
of activity.

The spatial resolution of coherence, NDAI and
TAI maps is 20 m. This resolution does not exclude
the presence of mixed pixels and reduces the sensi-
tivity of the method to local small surface changes.
In addition, the coherence and NDAI maps detect
changes in surface texture but do not reliably detect
elevation variations. Such variations are most accu-
rately tracked by differences in DSMmaps generated
from ultra-high spatial resolution UAV images.

Promising directions for the development of the
presented approach to improve the accuracy of activ-
ity and stability area mapping are the analysis of
SAR data acquired simultaneously from ascending
and descending orbits, and the generation of com-
plex indicators that take into account horizontal
and vertical surface changes. The calculation of
such indicators is the subject of future research.

Conclusions

For the PyhäsalmiMine area, surface mining activity
and stability areas were mapped using Sentinel-1
coherence time series for the observation period
from 2018 to 2022. A method for calculating the
TAI based on the NDAI was proposed. This method
was found to be robust to spatial and temporal decor-
relation of the radar signal. The NDAI thresholds
separating activity and stability areas were selected
using the Otsu method for time-averaged NDAI
maps. For several activity and stability zones, the
dynamics of changes in time of the maximum activ-
ity of the NDAI time series for the summer season of
2022 were estimated.

The results obtained made it possible to identify
the areas of open-pit production processes, and the
formation and removal of waste dumps, and to esti-
mate the intensity of these processes based on TAI
values in each season of observation. Maximum
TAI values (the highest activity) were observed
mostly in the backfill open pit and near its eastern
edge, in the waste dump area near industrial build-
ings and facilities, on the slopes of the pyrite dump
in the northern part of study area, and on the southern
slope of the old open pit. The most intense changes
were observed in 2020 and 2021. The activity zone
at the bottom of the backfill open pit moved from
its southwestern to its northeastern part during the
observation period. The continuous changes on
the surface of the southern and eastern slopes of
the old open pit were mainly related to work near
the open-pit boundaries and to rock crumbling. The
TAI maps also showed intense working dynamics
on the waste dump surface due to continuous
changes in the slope shape and waste dump height.
Other areas of the mine site, including the northern
part of the backfill open pit, the northern and eastern
slopes of the old open pit, and the open area in the
western part of the mine site, are mostly unaffected
by changes (TAI values close to zero), and small
TAI values in some areas of stability were caused
by weathering (wind and rain erosion), sparse vege-
tation or radar shadows. Validation of the results on
DSM difference maps based on the 2022 UAV
observations showed that the selected areas of activ-
ity corresponded to the vertical displacement zones
and confirmed the validity of the results.
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The NDAI maps generated from the coherence
maps allowed removal of decorrelation unrelated to
mining operations but required additional computa-
tion and increased data processing time. Establishing
a functional dependence for the direct transition from
coherence to the NDAI will significantly reduce the
computational cost. The search for such a depen-
dence will be a topic for future research.
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