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ABSTRACT

Excess metals in the soil or in plant tissues tend to have negative effects on plant health, growth, and biomass accumulation. The
search for stressed or unusual growth patterns in cover vegetation has been enhanced by the use of vegetation index in the context of
excessive exposure to heavy metals in the soil. This study aims to improve the monitoring of phyto-stabilized and natural vegetation
of an ore processing site for several years after its closure by using multiple Sentinel-2 images. The time series is made up of 13
images, one image per season for four years. NDVI (Normalized Difference Vegetation Index), the most widely known and used
vegetation index in the scientific literature, is used in combination with other spectral indexes identifying built-up areas and bare
soils in order to enhance vegetation. A change detection technique based on absolute difference of vegetation maps is applied to
detect abrupt changes related to meteorological conditions and significant environmental changes.

1. CONTEXT, OBJECTIVE

Mining activities are an important source of soil heavy metal
pollution. Vegetation mapping and monitoring near mine sites
following the end of operations could allow one to provide
information on the results of rehabilitation or to detect and
control residual contaminants through the vegetation health
(Davids, 2018). Vegetation is then considered as an indicator of
soil pollution detected by means of optical imaging, the changes
in the biochemical characteristics of vegetation (pigment
content, cell structure, water content, physiological state ...)
having an impact on its optical properties (Slonecker, 2018)
(Gholizadeh, 2019) (Lassalle, 2019).

Different papers have reviewed the effects of Heavy Metals
(HM) on vegetation reflectance (Slonecker, 2018) (Ong, 2019).
The vegetation sensitivity to HM depends on the soil
contamination level, the species, the phase of growth cycle and
the environment. The increase of HM in the soil tends to reduce
photosynthetic activity, concentration in chlorophyll and
vegetation growth (Slonecker, 2018).

Vegetation spectral indices, related to biophysical or
biochemical parameters (such as leaf pigments, water content,
vegetation fraction cover...), are considered as indicators of the
state of the health of a plant or can be used to assess vegetation
cover in the context of soil contamination (Zhang, 2018). The
Normalized Difference Vegetation Index (NDVI) (Rouse, 1973)
is often used to characterize canopy growth or vigour and
related to LAI (Leaf Area Index) (Xue, 2017). This index, based
on the absorption of light by vegetation in the red band and its
reflectance in the NIR (Near InfraRed) band, is especially
suitable for monitoring low to moderate density vegetation.
Some others indexes, such as PRI (Photochemical Reflectance
Index), RVI (Ratio Vegetation Index), HMSSI (Heavy Metal
Stress Sensitive Index) or Clieg.cages have been used to detect
vegetation stress related to heavy metals (Slonecker, 2018)
(Zhang, 2018). The choice of the most appropriate spectral
index or of a combination of spectral indices depends on the
study (study site, objective).

Vegetation phenology derived from high temporal resolution
satellite data has received increasing attention for applications

in environmental monitoring. To do this, time series of
vegetation index data can be obtained from satellite Sentinel-2
images, with spatial resolution of 10 and 20 m according to the
spectral domains and high temporal coverage (five days revisit
time) (Frampton, 2013).

The objective of this study is to survey vegetation cover
changes many years after the closure and the revegetation of an
ore processing site by using Sentinel-2 time series. Time series
are then used to monitor changes in vegetation at the habitat
scale throughout several years. The high temporal repeatability
ensures both an analysis of the inter-annual variability of habitat
change over a large temporal period and an analysis of habitat
phenology throughout one year. Some areas of the site have
been phyto-stabilized while in other areas, natural vegetation
has developed over the years. The phyto-stabilization involves
the reduction of the mobility of metal or metalloid in
contaminated soil by the introduction of plants in combination
with the use of metal immobilizing soil amendments to reduce
the negative environmental impact.

2. DATA SET

2.1 Study site

The study area is a former ore processing site in France closed
in 2004 and managed by an operator of the French State. The
site covers approximately 120 hectares. Six study zones have
been localised by the site manager (Figure 2). In 2006, three of
these zones were phyto-stabilized and the other areas
correspond to natural vegetation.

2.2 Satellite images

The Sentinel-2 images available on the study site were selected
according to their quality (cloud-free, level 2A i.e.
georeferenced reflectance images available on the Theia
platform) between 2016 and 2019 (Theia). One image per
season is selected until February 2019. For each image, the
spectral bands are resampling to the spatial resolution of 10 m.
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No image could be used in winter 2016 due to the presence of
clouds. The time series is made up of 13 images (Table 1).

Year Acquisition date
Month Day

2016 May 21
August 26
October 15
2017 February 25
May 16

August 21
October 13
2018 February 27
May 11
August 19
October 25
2019 February 22
May 13

Table 1. S-2 time series description

3. PROCESSING CHAIN

A processing chain with three modules has been set up (

Figure 1). These modules are: a spectral index database to
provide index maps representing built-up areas, bare soils and
vegetation, a map combination module in order to provide the
vegetation cover maps and a change detection module to
compare vegetation cover maps and localize changes. The
processing chain’s inputs are spectral reflectance images and it
produces change detection maps.

S-2 images
v

Spectral index database

v v v

Built-Up Bare soil Vegetation
Area Maps Maps Maps

v v v

Spectral index map combination

\

Temporal series of vegetation cover map

Change detection

v

Change detection maps

Figure 1. Processing chain

Our spectral database is applied on each satellite image to
highlight vegetation pixel and mask pixels representing other
land cover classes like bare soils, built-up area, water .... NBAI
(Normalized Built-up Area Index) and BRBA (Band Ratio for
Built-up Area), previously used to identify roads or buildings in
S-2 images, are applied (Valdiviezo, 2018). NDWI (Normalized
Difference Water Index) and mNDWI (modified Normalized
Difference Water Index) are retained to highlight water areas in
S-2 images (Du, 2016). SAVI (Soil Adjusted Vegetation Index)
and DBSI (Dry Bareness Spectral Index) are applied to identify
bare soil pixels (Rasul, 2018). These indexes are combined with
NDVI to provide vegetation cover map associated for each S-2

image (Figure 2). The combination of vegetation index with
indexes related to other land cover classes allows a reduction of
false alarms.

The change detection method is based on the absolute
difference, applied pixel by pixel, between two vegetation cover
maps associated to two different dates (Hussain, 2013). The
vegetation cover maps are then compared over different time
periods to assess ecologically significant changes.

4. RESULTS

A visual analysis of the vegetation cover maps is conducted in
order to monitor the evolution of the vegetation cover over the
seasons and the years (Figure 2, Figure 3).

For each year, there are two seasons with the most significant
vegetation cover (Figure 2). The appropriate seasons for the
annual vegetation monitoring in this context are then winter and
spring. Zones 1 and 5 have permanent bare soil pixels with no
vegetation cover regardless of the year and the season (Figure 2,
Figure 3). Some in-situ data acquired in zone 5 are measured in
an attempt to explain the total absence of vegetation. Two bare
soil areas in zone 5 correspond to a marked metal signature and
the third area in zone 5 is characterized by a very marked metal
signature.

Winter

3

[] Vegetation

Il Non-vegetation classes

Figure 2. Temporal evolution of the vegetation cover map by
season in 2017. Zones 1, 2 and 5 (named Z1, Z2, Z5) are phyto-
stabilized. Zones 3, 4 and 6 (named Z3, Z4, Z6) are covered by

natural vegetation.

Winter

Figure 3. Annual evolution of the vegetation cover map in
winter and spring.

Bare soil spectral reflectances are measured in-situ with an ASD
(Analytical Spectral Devices) Fieldspec-Pro spectroradiometer
in the (400 — 2500 nm) spectral domain with a spectral
resolution of 3 nm in the (400-1000 nm) domain and of 10-12
nm in the (1000 — 2500 nm) domain. A Spectralon panel was
used as white reference. Figure 4 represents the spectral
signatures of bare soil areas with a marked metal signature. In
the visible spectral domain, the spectral signature is not
particularly convex with a high level corresponding to soils
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with a large amount of lime and a small quantity of iron oxide » Mensual cumulative rainfall
(Escadafal, 1988) (Lesaignoux, 2013). The absorption band at = s
2330 nm is related to carbonate. Soils seem to be directed —- Jear 2017

— year_2016

towards limestone soils which are poor in organic matter.
Further in-situ investigations (spectral signature measurements
of bare soil area with very marked metal signature, soil texture
analysis...) have to be conducted in order to define whether or
not the lack of vegetation is related to contamination level

and/or soil texture.
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Figure 6. Monthly cumulative rainfall per year between 2016
and 2019 (in mm). Very high rainfalls in autumn 2018. The data
are not available after October 2019.
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Figure 4. Bare soil spectral signatures measured in-situ for the
two areas with marked metal signature (in black). Atmospheric
transmission (in grey): spectral bands related to low
transmission cannot be processed.
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The percentage of vegetation pixel by zone is computed (Figure

5). The same vegetation phenology, reduction of vegetation §F f §§ § § 42§ 2 2 33
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cover in summer and growth in spring, is observed for phyto- 4 7 P % 5 4
Month

stabilized and natural vegetation zones. The phyto-stabilized
zones and zone 6 with natural vegetation maintain a greater
vegetation cover in summer and autumn compared to zones 3
and 4. This can be explained by the difference in vegetation
species and the presence of pines.

Figure 7. Temporal evolution of the average monthly
temperature (in °C). Lowest temperature in winter 2018. The
data are not available after October 2019.

Globally, the vegetation cover increases significantly between The change detection method is applied on the vegetation cover
maps and spatial localization of changes is provided (Figure 8).

summer 2016 and summer 2018. Abrupt changes are observed
in autumn 2018 (Figure 5). Globally, many pixels do not change over the years. Between
the spring of 2016 and the spring of 2018, on average per area,
Percentage of vegetation pixel _ 96% of the pixels are unchanged. For most of the pixels
\ undergoing changes, there is an increase of vegetation cover
except for in zone 4. This is particularly noticeable for phyto-
stabilized areas. Between 2016 and 2018, part of zone 4,
representing 7% of its pixel, has a well-localized decrease of
vegetation. Between the spring of 2016 and the spring of 2019,
for all zones except zone 6, pixels with decreasing vegetation
cover are randomly spatially distributed (Figure 8, Table 2).
There is no apparent difference between phyto-stabilized and
natural vegetation areas. In order to explain the spatial
distribution of this vegetation cover decrease, spatial
information should be exploited for example through airborne
hyperspectral imagery. The difference in behavior for zone 6
can be explained by the presence of well-developed trees,

mainly pines and poplars.
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Figure 5. Temporal evolution of the percentage of vegetation
cover pixel by zone between 2016 and 2019.

The results obtained are linked to the meteorological conditions
(rainfall, temperature) (Figure 6, Figure 7). The vegetation
cover changes after winter 2019 are explained by the heavy
rainfalls in the autumn of 2018. February 2018 is the coldest
month and the increase in the number of vegetation pixels
between the autumn and the winter of 2018 is smaller than the

increase observed in 2017.
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Figure 8. Change detection maps in spring. The reference year
is 2016. Cover vegetation maps of years 2017, 2018 and 2019
are compared to 2016.

Zones Percentage of vegetation
cover pixels (%)
Increase Decrease
Z1 1 6
z2 0 9.4
Z3 0.3 4
74 0 10
z5 1.5 7.3
76 0 0.7

Table 2. Variation of the percentage of vegetation cover pixels
between the spring of 2016 and the spring of 2019 by zone

In order to illustrate the abrupt change in the vegetation cycle
observed in the autumn of 2018 and related to heavy rainfall
episode mentioned above (Figure 5, Figure 6), the map
detection change of vegetation cover is calculated between the
autumn of 2016 and the autumn of 2018 (Figure 9). Phyto-
stabilized zones (Z1, Z3 and Z5) and zone 3 have between 11
and 22% of pixels with increasing vegetation cover. Zones 4
and 6 have between 40 and 45 % of pixels with increasing
vegetation cover.

2018

O No change
| Vegetation cover reduction
[ | Vegetation cover increase

Figure 9. Change detection map between the autumn of 2016
and the autumn of 2018. The reference year is 2016.

Even if it is difficult to identify specific behaviour according to
vegetation type (natural or phyto-stabilized vegetation), the
change detection tool proposed, based on monitoring vegetation
cover evolution over seasons and years, allows fast and relevant
analysis of abrupt and global changes.

5. CONCLUSIONS

The Sentinel-2 time series allow the monitoring of vegetation
cover after the closure of the mine. Overall and abrupt changes
of the vegetation cycle linked to meteorological conditions are
highlighted. Specific changes have also been identified: the
identification of a permanent bare soil area without vegetation
cover whatever the year and season since 2016, changes
identification of the most disturbed area, difference in the
vegetation cycle according to area a priori related to the
presence of different species. In the near future, spatial
information will be exploited by the investigation of
geostatistics (variogram calculation, kriging interpolation...) for
the analysis and estimation of spatial correlation (which can
also be applied to the analysis of temporal correlation).
Moreover, vegetation spectral indexes will be investigated in
order to assess vegetation traits related to biophysical or
biochemical parameters
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