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ABSTRACT
Anthropogenic industrial dust decreases productivity and slows down the growth of plants. Quantifying the effects of industrial dust on
vegetation and determining the distance over which factories scatter dust are of paramount importance for biodiversity conservation and
sustaining ecosystem services. This study aims at quantifying the effect of dust emitted by the Neka cement plant (NCP), Mazandaran
province, northern Iran, on the surrounding Hyrcanian forests based on an analysis of the Leaf Area Index (LAI) retrieved from Sentinel-2
imagery. An Inductively Coupled Plasma Mass Spectrometer (ICP-MS) was used to quantify the concentrations of cadmium (Cd), chromium
(Cr), copper (Cu), lead (Pb), calcium (Ca), magnesium (Mg), sodium (Na), silicon (Si) and zinc (Zn) in leaves of the dominant Chestnut-leaved
Oak (Quercus castaneifolia). A feed-forward neural network algorithm and field measurements were used to retrieve the leaf area index (LAI)
from Sentinel-2 data with a RMSE of 0.42 (m2/m2). MODIS-NDVI and EVI time series spanning 17 years (2000 to 2017) were analysed to ensure
the independence of the variation in the condition of the vegetation from drought or other environmental factors. The results indicate that
Sentinel-2 data can be used to map degradation due to pollution from the cement plant and quantify the effect of the dust spatially. Dust
from the cement plant (dust source) was carried approximately 4700 meters in the direction of the prevailing wind. A significant correlation
of 0.849 was recorded between LAI and distance from the NCP. It is concluded that dust from the NCP had adverse ecological effects on the
neighbouring forest ecosystems recently designated a UNESCO World Heritage Site.
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Introduction
Dust deposited on leaves of plants reduces their ability to photosynthesize and tolerance of drought and other
environmental stresses (Shepherd et al. 2016). The adverse
effects can be either direct by causing physical and chemical damage to the plants or indirect due to increase in pests
and diseases (Manning and Feder 1980). The effect of dust
deposition on vegetation depends on the size, accumulation and chemical properties of the dust particles (Yamaguchi et al. 2017). For instance, dust particles larger than
stomatal openings (i.e., 8–10 micron) can block stomata
and smaller particles may enter into the leaf tissue (Bell et
al. 2002). Therefore, dust particles emitted from industrial
factories may have significant negative effects on the photosynthesis, growth, and productivity of vegetation.
Dust particles may be of either natural or anthropogenic origin. The manufacture of cement, an anthropogenic source of dust, is the primary source of calcareous
particles (Darley 1966). Its manufacture is closely monitored nowadays because of the environmental pollution
it causes and also its contribution (approximately 5–7%)
to the total anthropogenic emission of CO2 (Chen et al.
2010). Although different mechanical systems are used
to control and collect dust in a cement plant, a considerable amount of dust is still generated and dispersed in
the environment during the extraction and crushing of

the raw material. Several studies report the emission of
major greenhouse gases and atmospheric pollutants, such
as CO2 and SO2, by the cement industry (e.g. (Capros et
al. 2001; Gartner 2004; Josa et al. 2007). Similarly, there
are studies of the effects of natural and industrial dust
deposition on different types of vegetation based on field
measurements (Lal and Ambasht 1982; Prasad and Inamdar 1990; Iqbal and Shafüg 2000; Joshi and Swami 2009;
Zia-Khan et al. 2015; Shepherd et al. 2016). Cement dust
particles cause a reduction in plant photosynthesis (Darley 1966; Borka 1980; Zia-Khan et al. 2015), plant transpiration (Joshi and Swami 2009) and results in a reduction
in chlorophyll content and increase in water loss in plant
(Eveling 1969; Chaurasia 2013; Zia-Khan et al. 2015).
It is, therefore, critical to quantify accurately the spatial
scale over which dust is carried and affects the functioning and productivity of adjacent ecosystems. Among the
biochemical and biophysical properties of vegetation that
are affected by industrial dust, Leaf Area Index (LAI) is
critical in terms of the productivity and ecosystem process of forests and crops at various spatial and temporal
scales (Fang et al. 2003). LAI’s response to deposition of
dust gives a good indication of forest stress (Madejón et
al. 2006; Suciu et al. 2008). As a quantitative indicator,
LAI indicates the amount of green foliage, photosynthetic capacity and gas-water exchange in an ecosystem
(Mousivand 2015). Ground-based measurements of LAI
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are time-consuming and tedious and often not practical
when investigating large areas. Remote sensing, however,
provides a faster, non-destructive and an affordable way
of estimating LAI at regional to global scales with reliable spatial and temporal resolution (Verstraete et al. 1996;
Zheng et al. 2009). Remotely sensed data are frequently
used for studying forest biophysical properties and disturbance caused by pests, disease, fire and drought (Entcheva 2000; Frolking et al. 2009; Kennedy et al. 2010; Chen
and Meentemeyer 2016; Abdi et al. 2019). There are very
few studies assessing the effects of natural and industrial
dust on the functioning of vegetation using remote sensing (Toutoubalina and Rees 1999; Persson 2014) and no
studies to our knowledge on the use of satellite images to
quantify the effects of pollution from cement plants on
surrounding forests. There is an increasing interest in
understanding and monitoring forests surrounding industrial factories in order to determine the adverse effect
of industrial dust on these ecosystems. Because of their
widespread distribution and ease of sampling trees are
ideal for assessing the effects of pollution (Kardel et al.
2010). However, using conventional ground surveying
techniques to do this can be tedious and expensive. Alternatively, remote sensing offers a suitable tool for quantifying and assessing forest stress due to dust deposition.
Hyrcanian forests are a remnant of old-growth forest
dating back more than 25 million years. The forests stretch
almost 850 km along the northern slopes of the Alborz
Mountains on the southern coast of the Caspian Sea and
have a rich faunal and floral biodiversity. The critical role
of Hyrcanian forests as a valuable native habitat of more
than 3,200 species of vascular plants and 240 species of
animals recently resulted in registration of these forests
as a UNESCO World Heritage Site (July 2019). The Neka
cement plant (NCP) is located at the northern edge of the
Hyrcanian mixed forests in northern Iran. Field surveys
and Visual interpretation of satellite imagery along with
public reports indicate that this industry has had an adverse effect on these forests (e.g. https://financialtribune
.com). Nevertheless, the adverse effects of dust deposition on the surrounding forest have not yet been studied.
Therefore, the current study uses remotely sensed data
to assess the adverse effects of NCP on the neighbouring
Hyrcanian forests in northern Iran. The main objective of
this study is to evaluate the potential of Sentinel-2 satellite imagery for estimating LAI of forest stands adjacent
to the NCP. This study provides information about the
reliability of remote sensing technologies for assessing
the stress caused by dust emitted during the manufacture
of cement to forests and for efficient decision-making for
close-to-nature forest management.

Material and Methods
Study area
The Hyrcanian forests on the south side of the Caspian Sea, cover 500 km2 along 850 km of the mountains
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from southeast Azerbaijan to the province of Golestan in
Iran. These forests have existed here for 25 to 50 million
years. Refugia for broad-leaf forests, which was the dominant species in the North Temperate Zone 25-50 million
years ago in the early Cenozoic era, existed in this area
(Ramezaniet al. 2008). The area studied is located 36.60
to 36.66 N and 53.36 to 53.52 E, in the east of Mazandaran
province, at the northern edge of the Hyrcanian mixed
forests near the southern shore of the Caspian Sea in
Iran. This area includes the NCP, which was established
in 1981 (Fig. 1). The minimum, maximum, and average
altitudes in the study area are 80, 600 and 300 meters
above sea level, respectively. The climate is semi-Mediterranean characterized by mild and humid winters and hot
and humid summers. The dominant species of trees in
this region are Chestnut-leaved oak (Quercus castaneifolia) (hereafter oak), Persian ironwood (Parrotia persica),
hornbeam (Carpinus betulus) and Siberian elm (Zelkova
carpinifolia). In addition, trees such as maple (Acer sp.)
and alder (Alnus sp.), among others, grow in the valleys
and along the rivers. The NCP covers an area of 67 ha.
Some of the dust comes from vehicles transporting raw
and depositing waste materials, while the rest is emitted
from the chimneys of the cement factory. Two chimneys
are used for cooling, four are associated with the cement
mill and three others with the milling of materials.

Field measurements
To adequately model the accumulation of industrial
dust and its effect on vegetation, it is essential to measure
the concentration of dust particles and their mineralogical-chemical composition along with plant biophysical
properties. To do so, we have quantified the heavy metals
on tree leaves by collecting samples and analysing them
using an Inductively Coupled Plasma Mass Spectrometer (ICP-MS). Moreover, in situ, LAIs were measured to
quantitatively estimate the available total area of leaves
per unit ground area. Field measurements were made
from 17 to 20 September 2017, which corresponds to the
vigorous growth period of deciduous trees in the area
studied. Leaf samples were collected at 2–3 m above the
ground in the four cardinal directions (i.e., north, south,
east and west) from the canopies of the trees used for the
ICP-MS measurements, with minimum contact with the
surface of the leaves.
ICP-MS data
ICP-MS was used to quantify concentrations of cadmium (Cd), chromium (Cr), copper (Cu), lead (Pb),
calcium (Ca), magnesium (Mg), sodium (Na), silicon
(Si) and zinc (Zn) in leaves of the dominant oak trees.
ICP-MS is a powerful tool for tracing many elements
and their isotopes with high sensitivity and reliable precision (Bulska and Wagner 2016). The area was divided
into 20 squares plots of 250 × 250 m and categorized into
different classes according to vegetation and distance
European Journal of Environmental Sciences, Vol. 10, No. 1
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Fig. 1 Map showing locations where ICP-MS samples (blue dots), ground measurements of LAI (red dots), exhaust flue samples (cyan
coloured dots) were collected and selected similar pixels (yellow polygons), Hyrcanian forests recently designated a UNESCO World
Heritage Site is located along the south coast of the Caspian Sea (light green), study area (rectangular red box) are presented on a truecolour composite (RGB) of Sentinel-2B.

from the NCP (Fig. 1). The detached leaves were stored
in labelled plastic bags in a cooling package and transferred to the laboratory. In the laboratory, the leaves were
placed in beakers, covered with watch glasses and dried
for 48 hours in an oven at 70 °C. Later, these samples
were ground and then digested in a closed system using
ultra-pure nitric acid and hydrogen peroxide in a microwave oven. ICP-MS multi-element standard solutions
were used to determine the concentrations of different
heavy metals, which ranged from 0.1 ppb to 100 ppm.

LAI field measurements
Hemispherical (fisheye) photography was used to estimate forest LAI. This technique has been widely and
successfully used for estimating the LAI and canopy
structures of plants over the past decades (Macfarlane et
al. 2000; Chen et al. 2006; Demarez et al. 2008; Wang et
al. 2018). Hemispherical images record the spectral and
spatial characteristics of the forest canopy, from which
direct and scattered light regimes can be estimated
European Journal of Environmental Sciences, Vol. 10, No. 1

(Frazer et al. 2001). A Canon EOS 6D camera, equipped
with the Canon lens EF 8–18 mm f/4L, and a spider tripod, equipped with a lever, were used for hemispherical
photography. The images were processed by the Gap
Light Analyser (GLA) software and used to estimate LAI
(Frazer et al. 1999; Olivas et al. 2013; Sadeghi et al. 2016;
Fournier and Hall 2017). The GLA is acknowledged to be
good and reliable way of estimating LAI.
The measurements were made under a uniformly
overcast sky or a clear sky within 2 hours of sunset or
sunrise (Breda 2003). To select representative samples,
the area studied was divided into several zones based on
the distance from the dust source, and random sampling
was used in each zone. Measurements were made in the
field in four cardinal directions from the NCP as the
dust source. A total of 105 measurements were collected
from an area of about 30 × 15 km around the factory
(Fig. 1). The LAI measurements ranged between 0.94
and 4.5 with a mean of 2.85 and a standard deviation
of 1.17.
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Fig. 2 Flowchart of the methodology. LAI retrieval from Sentinel-2 image of September 22, 2017 (1); was used to check whether variations
in LAI were caused by drought (2); or other environmental factors (3); which determine the effective radius of the deposition of dust on the
canopy of the forest (4).

Methods
As the main objective of this study was to quantify the
effect of dust emitted by NCP on surrounding forests,
we first investigated, whether there was any relationship
between the deposition of dust particles and health of
vegetation in polluted areas based on variation in LAI.
We then determined, whether the variation in LAI was
the result of contamination with dust, drought or other environmental factors. Finally, the effective radius
of dust deposition impact was determined. This analysis required spatially continuous maps of LAI and dust
contamination in the area studied. The flowchart of the
methods used in this study is given in Fig. 2.
A three-layer Back Propagation Neural Network
(BPNN) with one input layer, ten hidden layers and one
output layer was used to retrieve LAI from Sentinel-2
satellite images (Foody and Atkinson 2002; Fang et al.
2003). The hyperbolic tangent sigmoid was chosen as
the transfer function between the input and hidden layers. The combination of tangent and linear functions is
adequate for fitting different kinds of functions for retrieving LAI (Combal et al. 2003; Verger et al. 2011).

The satellite image was converted to surface reflectance
using the “Sen2Cor” plugin, embedded in SNAP software to remove unwanted atmospheric influences on
the recorded signals. Sentinel-2 spectral bands with
spatial resolutions of 10 m and 20 m were used where
the ten m-spatial resolution bands were resampled into
20 m spatial resolution bands. A sensitivity analysis was
used to determine the Sentinel-2 spectral bands most
sensitive to LAI (see Mousivand et al. 2014). Trial and
error analysis were carried out to determine the most
efficient combination of bands for LAI retrieval. Consequently, the five spectral bands most sensitive to LAI
were selected for further retrieval. The LAI field measurements were split into 70% training and 30% validation data. For training the BPNN, 10-fold cross-validation was used, in which the training data were divided
into ten subsamples. For each, nine subsamples were
used to train the model and the remaining subsample
as a test set. The final model validation was computed
using the independent validation dataset (i.e., 30%). To
ensure that the variation in LAI within the area studied was not caused by drought, a drought analysis was
done. Firstly, the Standardized Precipitation Index (SPI)
European Journal of Environmental Sciences, Vol. 10, No. 1
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(1-, 2-, 3-, 6- and 12-month SPI) was computed using
rainfall data obtained from the meteorological station
closest to the dust source for the period 2000-2017.
This index is widely used to characterize drought over
a range of timescales (e.g., Guttman 1998; Łabędzki
2007). In addition, the relationships between SPI and
the different vegetation indices, such as NDVI and EVI,
extracted from the MODIS data, were determined for
the period 2000-2017. Monthly NDVIs and EVIs were
retrieved from 16-day NDVI and EVI MODIS products
and their correlations with SPIs were determined for
the period of 2000-2017. A close relationship between
NDVI and SPI is used as an indicator for determining
drought severity and duration of the cover of vegetation
(Ji and Peters 2003).
In addition, time series of NDVIs and EVIs were analysed for pixels with similar conditions to ensure that the
variations in LAI are not affected by other environmental
factors. First, four MODIS pixels around the dust source
that were affected by deposition of dust were selected
manually. Then, an algorithm was used to find the pixels
that share similar characteristics (such as average alti-

tude, slope, aspect, type of vegetation and density) in the
east and south directions around the factory. The NDVI
and EVI time series were used to interpret phenological differences between contaminated pixels and similar
uncontaminated ones and determine if the variations in
LAI are due to dust deposition.
Radial basis function (RBF) interpolation was used to
generate a map of the area contaminated with heavy metals. This algorithm can be effectively used for interpolation of scattered measurements regardless of the dimensions (Fornberg and Flyer 2005). The interpolated maps
provide a graphical representation of spatial variability in
the deposition of heavy metals within the area studied.
This indicates where the concentration of a specific heavy
metal is high and at least where there is a deposition of
dust on tree leaves. Finally, the correlation between LAI
and deposition of dust was calculated and the spatial
scale, at which dust from the NCP has affected the canopy of the forest. Three statistical metrics were used for
evaluating the performance of the estimations, including
Root Mean Square Error (RMSE), coefficient of determination (R2) and Mean Absolute Error (MAE).

Fig. 3 Estimates of LAI based on Sentinel-2B imagery, NDVI and Sentinel-2B RGB imagery.
European Journal of Environmental Sciences, Vol. 10, No. 1
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Fig. 4 The spatial distribution of the concentrations of nine heavy metals: cadmium (Cd), chromium (Cr), copper (Cu), lead (Pb), calcium
(Ca), magnesium (Mg), sodium (Na), silicon (Si) and zinc (Zn), in leaves of oak trees. Lower right: validation of interpolated results for Ca
using the RBF method.
European Journal of Environmental Sciences, Vol. 10, No. 1
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in Fig. 1 and changes in cover of vegetation depicted in
the NDVI map.

Fig. 5 Examples of deposition of dust on the leaves of oak (Right)
and Persian ironwood (Left) growing close to the Neka cement
plant.

Results and Discussion
LAI estimation
Accurate estimates of LAI based on satellite data is
a prerequisite for quantifying the effects of the deposition of industrial dust on plant health and productivity.
To check the performance of the retrieval algorithm, estimates of LAI were validated using an independent dataset consisting of 30% of in situ measurements of LAI. The
estimate of LAI using RMSE was 0.42 (m2/m2) and from
MAE based on Sentinel-2 imagery it was 0.34 (m2/m2)
(Fig. 3). The high value of the coefficient of determination
(R2 = 0.917) and low values of RMSE indicated that the
linear relationship between the estimated and measured
LAI values was strong. In general, a good agreement was
found between the predicted and field measurements of
LAI, with no systematic discrepancies. These results revealed no major over- or underestimation and, therefore,
the retrieval model provided a reliable estimate of LAI.
This is in line with results presented in previous studies
(e.g., Delegido et al. 2011; Majasalmi et al. 2016; Bochenek et al. 2017; Clevers et al. 2017; Zhang et al. 2017),
which report strong relationships between field estimates
of LAI and those based on Sentinel-2. This is partly due
to the Sentinel-2 red-edge spectral bands for biophysical
parameter retrieval (Delegido et al. 2013).
Fig. 3 shows the LAI map derived from Sentinel-2
imagery. The map displays LAIs ranging from 0 (light
yellow) to more than 6 (dark green) for areas covered
with a wide range of crops and different forest trees.
While the lowest LAI was recorded for bare soil, builtup areas and water bodies, the maximum LAI was recorded for closed-canopy forests with nearly complete
interception of solar radiation. The NDVI and original
Sentinel-2 RGB image are also provided for the sake of
comparison and visual interpretation. The estimates
of LAI were based on the types of land cover depicted
European Journal of Environmental Sciences, Vol. 10, No. 1

Spatial distribution of heavy metals
The spatial distribution of nine heavy metals: Cd, Cr,
Cu, Pb, Ca, Mg, Na, Si and Zn, are shown in Fig. 4. These
maps provide a graphical representation of the spatial
variability in the deposition of heavy metals within the
area studied and indicate where the concentration of specific heavy metal is highest (or lowest). These maps were
generated using RBF spatial interpolation of measurements of heavy metal accumulation in the leaves of oak
trees. The RBF interpolation model was compared with
other conventional methods such as Inverse Distance
Weighted (IDW), Kriging and cubic spline interpolation.
Results indicate the RBF method is accurate for almost all
heavy metals. Fig. 4 provides an example of a cross-validation for interpolating Ca using the RBF method. The
NRMSE value (0.14 for Ca) was the lowest compared
with values obtained using other methods. The concentration ranges (all data in mg/kg d.m.) of the different
heavy metals were: Cd (0.049–0.61), Cr (0.731–2.56),
Cu (0.5–11.57), Pb (0.02–2.455), Zn (18.823–32.357),
Ca (8000–57000), Mg (1600–19400), Na (2150–113000)
and Si (48000–305000). The spatial distribution of heavy
metals was clearly greatly affected by topography and distance from NCP.
The highest accumulation of heavy metals was recorded close to the factory and then decreased with distance
from the factory. Similar patterns in the distribution
of heavy metals and hazardous gases produced during
the manufacture of cement are reported by Zhang et al.
(2015) and Atamaleki et al. (2015). However, there was
a tendency for the effect to be more significant in the
east (Fig. 4) and in the immediate surrounding of the cement factory, which is a major heavy metal concentration
hotspot. Large and heavy dust particles are mainly deposited close to the source. Therefore, the accumulation
of dust was greatest close to the source. Two examples of
leaves collected close to the factory are shown in Fig. 5.
It is noteworthy that oak leaves are rich in Ca, Mg, Na
and Si, which is why the recorded concentration of these
elements was so high. However, there are no similar studies on the natural concentration of heavy metals in the
leaves of trees in the area studied for comparison, however, the average concentrations of Zn, Cr, Cu, Pb and Cd
in oak leaves collected from trees located east and south
were higher than in those collected from trees located
southwest of the cement plant.
Correlation between LAI and dust deposition
The maps depicted in Fig. 4 indicate high concentrations of the heavy metals around the NCP, which decrease with increase in distance from the dust source.
However, to obtain a better picture of the effects of the
deposition of dust, variations in the vegetation associated
with the deposition of dust was measured quantitatively.

Stress caused by pollution from a cement plant to forests
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sults of hypothesis tests revealed a significant relationship between LAI and the direction from the factory with
a confidence level of 5%. Moreover, a significant correlation (0.849) was recorded between LAI (dependent variable) and distance from the NCP (independent variable).
This relationship increased for the pixels within 4700 meters of the source of the pollution, after which they ceased
increasing and became almost stable. Likewise, a strong
correlation was found between Cr, Cu, Cd, Pb, Mg, and
Na concentrations and distance from the factory with
a similar increase up to 4700 m. However, concentrations
of Zn, Ca and Si did not show consistent increase with
distance. We therefore conclude that this distance is the
spatial scale over which dust particles cause meaningful
changes in LAI and reduce functioning of the vegetation.
Fig. 6 Average LAI of similar pixels in the south, east and near the
Neka cement plant.

Although the plot of the variation in LAI with distance
from the factory in different directions quantifies the effect in homogenous areas, it does not accurately quantify
the stress in the area studied where the topography and
vegetation is very complex. The analysis, therefore, was
restricted to a limited number of similar minute areas.
Some of the areas around the factory were identified as
affected during the field survey. Other minute areas that
were similar in terms of slope, aspect and type and density of vegetation, allowing for a variation of up to 5%
in in the different factors, were also selected. A total of
3125 similar areas were identified in the area studied.
North and west of NCP was agricultural land, which
was not included in this study, the analysis only included
areas in the south, east and close to NCP. A distance of
500 m around the factory was considered to be close to
NCP. Based on the heavy metal contamination recorded
during the field survey three regions were characterized
with average LAIs of 2.55, 2.80 and 3.63 close to, east and
south of NCP, respectively (Fig. 6). Since similar pixels in
terms of LAI, were carefully selected the lowest LAI close
to the NCP and to the east of NCP are likely to be linked
to a significant effect of the dust on forest LAI. A significant effect was recorded close to the NCP, where a difference of 1.08 was recorded compared to less affected LAIs
in the south. These results are in good agreement with the
concentration maps, which indicates that the dust particles are mainly carried by the prevailing wind. Although
average LAI reflects the overall effect of dust, it does not
provide information on the distribution and extent of the
variation. Therefore, measures of dispersion including
variance, skewness and kurtosis were also considered and
normality of the data tested. From the results of the p-p
plot test, skewness, and kurtosis values, it is concluded
that LAI values are normally distributed. Furthermore,
a statistical hypothesis test was used to assess the statistical significance of the difference between the properties
(average and variance) of LAI in different areas. The re-

Analysis of possible effects of drought
In addition, the correlations between NDVIs and
EVIs, and SPIs were assessed to ensure that the variations
in LAI were not caused by drought or other environmental stresses. The relationship between NDVI/EVI and
SPI within the area studied was low (<0.2) with lags of
up to 12 months, which indicates there is no evidence
of drought. Therefore, it was concluded that the variations in LAI in the area studied was not due to drought.
In addition, the 17 year time series of NDVI and EVI
were compared to check whether the changes in LAI
were due to local anomalies or other local stresses, but no
evidence was found to support such a claim.

Conclusions
The main aim of this study was to quantify the response of the Hyrcanian mixed forest to stress caused
by industrial dust produced during the manufacture of
cement. To do so, ground-based measurements of LAI,
chlorophyll, and spectroscopy were made concurrently
with the satellite observations. Moreover, leaf samples
were collected to measure the concentration of nine
heavy metals using ICP-MS. A MODIS-LAI time series
was used to test whether the stress was caused by drought
or other environmental factors.
The significant finding of this study was that the adverse effect of industrial dust deposition on the leaves of
the trees in the surrounding forest could be quantitatively mapped using the LAI extracted from Sentinel-2 satellite data. To the best of our knowledge, there is no study
on the quantification of the effect of industrial dust using
satellite data. We also recorded strong relationships between ground measurements of LAI and those obtained
using Sentinel-2 data. The results are promising because
the relationship between the variation in LAI and distance from the dust source, i.e., NCP, was strong and associated with heavy metal concentrations. We found that
the dust produced by the cement plant caused an average
decrease in LAI of 1.08 in the immediate surroundings of
European Journal of Environmental Sciences, Vol. 10, No. 1
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the factory and 0.83 in the easterly direction In contrast,
south of the factory was less affected. This highlighted
the role of prevailing wind and topography in spreading
dust and dust deposition. In this study, we quantitatively
mapped the dust deposition over a distance of 4700 m
both east and south of the factory. This study revealed
that the dust reduced the growth of oak trees and caused
them to shed their leaves, which is likely to account for
the low LAI values recorded. Drought analysis using the
time series SPI and NDVI/EVI revealed no clear evidence for the variations in LAI being due to drought or
other environmental factors. Consequently, the variation
in LAI is inferred to be due to the direct effect of the dust
produced during the manufacture of cement.
Based on this study, changes in forests due to dust
deposition can be closely monitored using remote sensing. This study provides evidence that dust from industrial processes, specifically cement manufacture, is deposited on the surrounding environment. The results further
our understanding of the interaction between a forest
ecosystem and deposition of industrial dust produced by
the manufacture of cement and reveal that the new generation of multispectral satellite data, such as Sentinel-2,
can be used to detect the effect of pollution on forests.
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