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Abstract: Dust pollution is severe in some mining areas in China due to rapid industrial development.
Dust deposited on the vegetation canopy may change its spectra. However, a relationship between
canopy spectra and dust amount has not been quantitatively studied, and a pixel-scale condition
for remote sensing application has not been considered yet. In this study, the dust dispersion
characteristics in an iron mining area were investigated using the American Meteorological Society
(AMS) and the U.S. Environmental Protection Agency (EPA) regulatory model (AERMOD). Further,
based on the three-dimensional discrete anisotropic radiative transfer (DART) model, the spectral
characteristics of vegetation canopy under the dusty condition were simulated, and the influence of
dustfall on vegetation canopy spectra was studied. Finally, the dust effect on vegetation spectra at the
canopy scale was extended to a pixel scale, and the response of dust effect on vegetation spectra at
the pixel scale was determined under different fractional vegetation covers (FVCs). The experimental
results show that the dust pollution along a haul road was more severe and extensive than that in
a stope. Taking dust dispersion along the road as an example, the variation of vegetation canopy
spectra increased with the height of dust deposited on the vegetation canopy. At the pixel scale,
a lower vegetation FVC would weaken the influence of dust on the spectra. The results derived
from simulation spectral data were tested using satellite remote sensing images. The tested result
indicates that the influence of dust retention on the pixel spectra with different FVCs was consistent
with that created with the simulated data. The finding could be beneficial for those making decisions
on monitoring vegetation under dusty conditions and reducing dust pollution in mining areas using
remote sensing technology.
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1. Introduction

Dust is a dominant feature of the global aerosol system [1]. Dust can affect air quality, climate,
biosphere and atmospheric chemistry [2]. There are two main dust sources: natural sources and
human activity [3]. Natural sources include wind erosion, rock weathering, dust storms, etc. [4,5],
while human activity-induced dust is mainly caused by construction [6], road transportation [7],
fuel combustion [8], open-pit mining [9], etc. In China, mining industry has developed rapidly in
recent years [10]. A large-scale and high-intensity mining in open-pit mines may lead to serious dust
pollution by drilling, overburden loading and unloading, mineral processing, vehicular movement on
the haul roads [11].
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There may be different dispersion characteristics of dust between excavation, transportation
and mineral processing in mining areas. These dispersion differences could be simulated using
models. Several models have been developed for air dispersion simulation, such as the American
Meteorological Society (AMS) and the U.S. Environmental Protection Agency (EPA) regulatory
model (AERMOD) [12], industrial source complex-short term (ISCST) [13], California puff model
(CALPUFF) [14], etc. These models are suitable for different spatial scales, processes and particle
sources [15]. AERMOD is one of the most commonly used models worldwide based on Gaussian
dispersion [16]. It is a near-field, steady-state Gaussian plume model based on planetary boundary
layer turbulence structure and scaling concepts, which can model multiple sources of different types
including point, area and volume sources. The distribution is assumed to be Gaussian in both the
horizontal and vertical directions in the stable boundary layer [15]. In other words, the model has a
clear physical concept, can use the measured data to determine the required parameters, and is easy to
modify for different situations. This model can be used in short-range (up to 50 km) dispersion from
various polluting sources. Thus, in this study, the AERMOD model would be used to predict dust
diffusion characteristics of different pollution sources and to obtain the spatial distribution of the dust
in the mining area.

After dispersion, a large amount of dust falls on the land surface around the mining area.
For vegetation, dust can deposit on the leaf [17]. From the perspective of remote sensing, the dust
retention on vegetation canopy will change vegetation’s spectral characteristics because vegetation
spectra are mixed with dust spectra. If the measured spectra of dusty leaves were used to retrieve
physiological parameters of vegetation directly, it would reduce the retrieval accuracy due to the mixed
spectral information [18]. Therefore, it is necessary to study the dust effect on the vegetation spectra.
For example, the effect of foliar dust (atmospheric pollution and limestone dust) on spectra of pear and
Fagus sylvatica leaves has been studied, respectively [19,20]. However, most studies have studied the
influence of dust retention on leaf spectra, and the related result at a leaf scale cannot be applied to the
canopy scale directly due to variable canopy structure [21]. Moreover, due to the limitation of spatial
resolution, pixels in a remote sensing image are usually mixed with other features [22]. Therefore,
the dust effect on the spectra of pixels with different fractional vegetation covers (FVCs) should be
considered for the remote sensing application.

Spectral data acquisition is time-consuming and laborious by field or laboratory measurement
due to the complexity of the field environment. Moreover, collected spectral data are often difficult
to meet the needs of research due to the various measuring conditions [23]. Therefore, simulation
methods can frequently be used to obtain spectra. Various radiative transfer models (RTMs) are
valuable tools for spectra simulation. In the case of heterogeneous canopies with complex architectures,
three-dimensional (3D) RTMs are more appropriate by describing canopy structures explicitly [24].
The discrete anisotropic radiative transfer (DART) model is one of the most used 3D RTMs to simulate
the spectra of crops [25,26] and forests [27,28]. DART could be used to simulate and compute radiation
propagation through the entire earth-atmosphere system in the electromagnetic spectrum from visible
to thermal infrared parts [24]. Thus, the DART was selected as the basic model to simulate spectra of
dust at canopy and pixel scales in this study.

Therefore, in this study, we propose to study the dust effect on vegetation spectra at both
canopy and pixel scales in a mining area through spectral modeling and remote sensing technology.
More specific research objectives are to (1) quantify the dust dispersion in a mining area, and (2) assess
the dust effect on vegetation spectra at canopy and pixel scales. To achieve the two research objectives,
AERMOD would be used to study the characteristics of dust dispersion and the DART model to study
the dust effect on vegetation spectra.
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2. Models and Methods

2.1. Study Area

The study area was Kuancheng Mining Area, which is located in Hebei Province, North China
(Figure 1). This area is covered with dense natural vegetation, such as Populus cathayana, Pinus
tabuliformis, Armeniaca sibirica, and Castanea mollissima, and maize is the main crop. The annual output
of ore is about 100 million tons. It has a continental monsoon climate with a mean annual precipitation
of 662.5 mm and a mean annual temperature of 8.7 °C [29]. There are many open-pit iron mines in
the mining area. Mining development is the main economic activity in this area, which includes
mining, ore transportation and beneficiation. Dust pollution is an environmental problem that cannot
be ignored in this area due to the high-intensity mining development.
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Figure 1. Location of Kuancheng Mining Area in a false-color composite image of Landsat 8
image (RGB432).

2.2. A General Work Flowchart

In the mining area, there are different dust sources that show dispersion characteristics. To quantify
and assess the dust characteristics and effects on vegetation spectra, three major research components
were included in this study. (1) The dust source was classified into point and line types. The spatial
distribution of dust was studied by using AERMOD. (2) The dust effect on vegetation spectral
reflectance at a canopy scale was studied using the DART model, and the dust effect on vegetation
reflectance at a pixel scale was investigated by considering FVC in pixels with simulated spectra.
(3) The analysis result with the simulated spectra was finally verified with a satellite remote sensing
image. The detailed flowchart is presented in Figure 2.
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Figure 2. A general flowchart of this study.

2.3. AERMOD Modeling Dust Dispersion

The dust emission intensity in a mining area needs to be determined first because it is the input
data of AERMOD. Then the dust dispersion can be described by using AERMOD.

2.3.1. Determining Dust Emission Intensity in the Mining Area

There are two dust sources in the mining area: stope and haul road.
(1) Inthe stope

A stope is a place for mining ore. The dust in the stope is mainly generated by the forklift when it
works, and the dust emission intensity can be calculated with the following formula [30]:

Q = 0.0523 x U0 x H291 x w140 x M (1)

where Q is the dust emission intensity (kg/h), U is the wind speed (m/s), H is the unloading height of
forklift (m), W is the water content of material (%), and M is the loading capacity per unit time (m>/h).
According to field monitoring data in the study area, U was 1.6 m/s, H was 4 m, W was 10%, and M
was 50 m?/h. The final dust emission intensity was 3.1 kg/h.

(2) Along the haul road

The haul road, linking a stope to a concentrator, is used for transporting iron ore and bulk and
material. The formula of dust source intensity on the haul road is as follows [31]:

Qroad = 0.123% V /5% (M/6.8)"% x P/0.5% 0.72L

Q= Qroua*12 @
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where Q4,4 is the dust generated by vehicle (kg/vehicle), V is the driving speed of the vehicle (km/h),
M is the vehicle load (t), p is the road surface material quantity (kg/m?), and L is the road length
(km). According to the actual conditions, the road was set with length 200 m and width 12 m.
The height affected by dust was 1.5 m, the tail gas mixing height was 2 m, V = 50 km/h, M =451,
p = 0.3 kg /m?, and the average transportation was 20 times per hour. The final emission intensity was
7.92 kg/km/vehicle or 44 g/km/s.

2.3.2. Dust Dispersion by Using AERMOD and Dustfall Amount Transformation

The two dust sources, stope and haul road, were classified into continuous point and line sources.
The dust emission intensity of each source was set as the initial value of AERMOD (ver 18081)
with a grain size of 75 um, which was the mean grain size of the dust samples in the study area.
Furthermore, the meteorological data in the mining area were also set as the initial values for running
AERMOD. The average wind speed was 1.6 m/s, measured from 1 June to 12 June 2013, in the growing
season. Based on the above data, the spatial dispersion of dust in the two sources was simulated by
using AERMOD.

Daily average dust concentration is a direct result derived from AERMOD. For this study, it should
be converted into dustfall amount according to the following relationship [32]:

Crsp = K- Cpr 3)

where Crgp is the dust concentration ( ug/m?’), Cpr is the dustfall amount (t/(km?-30d)) and K is the
correlation coefficient with the value of 11.630 (30d-(10% km)~1). The transformed amount of dustfall is
the cumulative value in 30 days, which would hardly deposit on the canopy totally. Considering the
influence of wind and the canopy structure on the dust deposition. the dustfall amount was set as a
cumulative value of 2 d.

2.4. Spectra Simulation of Dusty Vegetation by Using DART

DART is one of the most accurate and complete models that operate on different 3D scenes
simulating radiative transfer from the visible to thermal infrared in the Earth landscapes and the
atmosphere. It has been developed since 1992. It models optical signals at the entrance of imaging
radiometers and laser scanners onboard satellites and airplanes, as well as the 3D radiative budget of
urban and natural landscapes for any experimental configuration and instrumental specification [24].
The input parameters of the DART model mainly include two parts, one is the related parameters of
objects in the simulation scene, and the other is the environment parameters of the simulated scene.
The object parameters in the simulation scene are physical and biochemical parameters, structural
parameters and scattering properties of the object. The scene environment parameters include solar
zenith angle, azimuth angle, observation zenith angle and azimuth angle, scene size and resolution, etc.

In this study, maize was selected as an example of vegetation for its wide distribution in the
mining area. Firstly, the reflectance at leaf scale was obtained for the DART input. For clean leaves,
the reflectance was derived using the PROSPECT model with four input variables: N (leaf structure
parameter), EWT (equivalent water thickness or water content), Cy}, (chlorophyll a + b content) and
Cm (dry matter content) [33]. The four input variables of maize leaf were adapted from the LOPEX93
dataset [33], where N = 1.34, EWT = 0.0137 cm, C,}, = 45.27 ug/cmz, Cm = 0.0047 g/cm2. For dusty
leaves, the reflectance was derived using the PROSPECT-based mixture model [34,35] based on the
dust dispersion along the haul road. To simulate the vertical distribution difference of deposited dust
on maize canopy, the canopy model of maize was established with upper, middle and lower layers.
Then the dusty leaf spectra under different dust amounts at different layers were imported into the
DART model. In this case, the zenith angle and azimuth of the sun were set as 70° and 141° by referring
to the Landsat 8 OLI imaging scene parameters (August 9, 2013) passing the study area for validation.
Finally, the reflectance of maize canopy with different dust amounts was simulated.
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Based on the canopy-scale result achieved, pixel-scale spectral data could be obtained for further
analysis. At the pixel scale, it was supposed that the target pixel had only two endmembers, vegetation
and soil. To explore the dust influence on the reflectance of mixed pixels with different vegetation
covers, FVC was set as 89% (very high), 75% (high), 51% (medium) and 23% (low). The spectral
differences of pixels with different FVCs could be compared with different dust amount. Taking pixel
reflectance at 626 nm (red band) and 840 nm (NIR band) as examples, a quantitative analysis was
made to reflect the dust effect on pixel spectra under different vegetation covers using the change rate.

Its formula is as follows:
_ Ri—Ry

Ro
where CR is the change rate of vegetation reflectance, R; is the reflectance of dusty vegetation and Ry is
the reflectance of dust-free vegetation.

CR 4)

2.5. Validation for Simulation with Satellite Images

Two scenes of Landsat OLI images (path 122 and row 32), with 30 m spatial resolution, were used
to validate the simulated results. One was acquired before a rainy day (24 July 2013) and set as the
dusty scene, and the other was acquired after a rainy day (9 August 2013) and set as the dust-free scene.
The two images were atmospherically corrected to surface reflectance by using the Fast Line-of-Slight
Atmospheric Analysis of Spectral Hypercubes (FLAASH) module of ENVI software. Then, FVC was
derived by using a dimidiate pixel model based on the dust-free reflectance image [36]. The calculation
formula of FVC can be expressed as:

NDVI - NDVI,,;

FVC =
NDVIyeg - NDVIy;

©)

where NDVI is the normalized difference vegetation index, NDVlyeq is the NDVI value for “pure”
vegetation pixel and NDVI,; is the NDVI value for “pure” bare soil pixel in the image. In this study,
NDVlyeq is 0.944, and NDVI; is 0.173. Finally, the reflectance difference image (between the dusty
scene and the dust-free scene) and FVC image were used to understand the simulated result with the
DART model.

3. Results and Discussion
3.1. Spatial Characteristics of Dust Dispersion Based on the AERMOD Simulation

3.1.1. Dust Dispersion in the Stope (Point Source)

In the horizontal direction, the dust diffusion was consistent with the wind direction (Figure 3a).
The dust concentration gradually increased first, reached a maximum of 94.50 mg/m?, and then began
to decline. The dust pollution range was about 20 m horizontally from the point source. In the vertical
direction, the dust concentration increased firstly and then decreased within 1.5 m to the pollution
source (Figure 3b).
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Figure 3. Spatial distribution of dust concentration in the stope shovel loading (a) is in horizontal
direction, and (b) is in vertical direction.

3.1.2. Dust Dispersion along the Road Transport (Line Source)

Under the condition of 1.6 m/s wind, the dust was almost distributed symmetrically along the road,
which meant that the wind had a slight influence on the dust dispersion. In the horizontal direction,
the dust concentration was consistent on the line parallel to the road, and the dust concentration
reached the maximum at 47.60 mg/m? on the road and then gradually decreased with the distance
off the road (Figure 4a). In the vertical direction, the dust raised by the trucks formed continuous
dust layers in a “saddle” shape with different concentrations (Figure 4b). According to the simulation
results by AERMOD, the dust concentration decreased with the increasing height.
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Figure 4. Spatial distribution of dust concentration in road transportation (a) is in horizontal direction,
and (b) is in vertical direction).

Taken together, dust pollution along the haul road was more severe and more extensive than that
in the stope. After conversion, the amount of dust deposited on the vegetation canopy at different
heights (0.5 m, 1.0 m, and 1.5 m) and distances (from 10 m to 100 m) is shown in Figure 5. Generally,
the amount of dust decreased with increasing height. For 1.0 m and 1.5 m height, amounts of dust
increased firstly when the distance to the road was not greater than 30 m and then decrease with
increasing distance. When the horizontal distance was greater than 60 m, the amounts of dust at
different heights were close.
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Figure 5. Changes of dustfall at different heights from the ground.

AERMOD is suitable for the near-field range (<50 km), so it could be applied in this study.
According to AERMOD, the maximum dust concentration was 94.50 mg/m? in the stope and 47.60 mg/m?
along the haul road, and the maximum dustfall amount was 45.0 g/m? at the 0.5 m height. The result
was close to some reported results. For example, the maximum dust concentration was 10.78 mg/m? in
Sistan, Iran during the summer dusty period [37], and the maximum dustfall amount was 14.98 g/m?
in a limestone quarry in north Israel [38].

3.2. Canopy Spectra under Different Dust Retention Conditions Based on DART Simulation

According to the dust concentration along the road, the dust amount set on the vegetation canopy
was 0-80 g/m?, with a gradient level of 8 g/m?. Dust falling on vegetation canopy has different effects
on the reflectance of different bands (Figure 6). Generally, the reflectance decreased with the increasing
amount of dust in the range of 0.7-1.4 um and increased with increasing amount of dust outside the
range. Under the same amount of dust, the spectral response of the canopy was different when the
canopy was covered by dust on the upper, middle and lower layers. The spectral change rate increased
gradually when the dust only deposited from lower to upper layers. In other words, the dust on the
upper layer had a greater impact on the canopy spectra. Furthermore, the dust deposited on all the
layers has had the greatest impact on the canopy.
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Figure 6. Cont.
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Figure 6. The simulated spectral results of maize canopy under different dust retention conditions (a) is
dust retention on all the layers of canopy, (b) is dust retention only on the top layer of canopy, (c) is
dust retention only on the middle layer of canopy, and (d) is dust retention only on the bottom layer

of canopy).

3.3. Pixel Spectra Change under Different Dust Amount and FVCs

Figure 7 shows the spectra of dust-free mixed pixels when the FVC was set as 89%, 75%, 51%, 23%,
13% and 8% initially. The results show that when the vegetation cover decreased, the pixel reflectance
gradually changed to the characteristics of soil reflectance. When vegetation cover was less than 23%,
the pixel spectra were similar to the soil spectrum.

s0il
— canopy
FVC89%

0.4+

0.3

o
IS
1

Pixel reflectance

0.1

0.0 T T T
0.5 1.0 1.5 2.0

Wavelength (um)

Figure 7. Mixed pixel spectra under different fractional vegetation covers (FVCs) (FVC of canopy
is 100%).

Scenes with FVCs of 89%, 75%, 51% and 23% were selected to simulate the spectra of mixed pixels
with different dust amount. The change trend of pixel spectra was the same as that at the canopy scale
when the amount of dust increased. However, the lower the vegetation cover was, the less the impact
of deposited dust on the pixel spectra (Figure 8). The result shows that the change rate decreased with
the decrease of FVC at both 626 nm and 840 nm (Figure 9). When the vegetation cover was low, the soil
mainly contributed to the pixel spectra. According to the measured soil spectra with different dust
deposition levels, the dust effect on it could be ignored. Thus, the pixel spectrum influenced by the
dust deposition was mainly determined by the vegetation FVC in the pixel.
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Figure 8. Effects of dust retention on vegetation spectra under different FVC conditions: (a) 89%,

(b) 75%, (c) 51%, and (d) 23%.
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Figure 9. Spectral change rates corresponding to different FVCs under dust retention conditions (a) is

red band (626 nm), and (b) is NIR band (840 nm)).
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3.4. Test by Using Satellite Images

With two scenes of remote sensing images, the pixel spectra on both sides of the haul road in
the mining area were extracted and compared to test the above result created with simulation data.
To comprehensively consider the pixel spectra influenced by dust absorption on vegetation under
different FVCs, the difference in reflectance at the NIR band (845-885 nm) of total 302 pixels between
dusty and dust-free remote sensing images was obtained to compare with FVC (Figure 10). The results
showed that the difference in reflectance at the NIR band increased while FVC increased, which meant
that the influence of dust retention on the spectrum of pixels became stronger. However, some errors
may be caused because of the difference between the simulation and the validation. Vegetation type
is one of the factors. Maize was selected as the experimental plant in the DART simulation, but the
selected pixels on the Landsat image for validation may not only be occupied by maize because there
were various types of vegetation in the study area. On the other hand, other parameters in the DART
model, such as soil background, could also cause errors due to differences from the actual situation.
These factors should be considered in future studies to obtain more accurate results.
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g $
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<
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|4
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Figure 10. Reflectance difference in NIR band of Landsat 8 image corresponding to different FVCs
(the pixels are spot in the map in Figure 1).

The tested result with the satellite images indicates that the influence of dust retention on the
pixel spectra with different FVCs was consistent with that created with the simulated spectral data.
From the perspective of application, this might be very significant for inversion using remote sensing
images under dusty conditions. To remove dust influence accurately on inversion, vegetation cover
factor must be considered for its effect on the reflectance. The accurate inversed vegetation parameters
are important for sustainable management in mining areas [39].

4. Conclusions

Dust pollution is severe in some mining areas in China. In this study, the dust dispersion
was studied by taking an iron mining area as an example. The effect of dust on vegetation spectra
was investigated at both the canopy scale and the pixel scale using a spectral simulation method.
The AERMOD simulation was conducted in a stope and along a haul road in a mining area. Along
the haul road, dust pollution was more severe due to extensive and high-concentration distribution.
According to DART simulation, the vertical distribution of dust deposition had an important influence
on the canopy spectra. At the canopy scale, the higher the dust deposition on the vegetation canopy
layer, the stronger the dust deposition on the vegetation influences. At the pixel scale, the spectra
of pixel under dusty conditions varied with the vegetation cover. As the FVC decreased, the dust
impact on the pixel spectra would be decreased. This simulated result was compared by the test result
estimated using the satellite remote sensing images. The comparative result indicates that the influence
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of dust retention on the pixel spectra with different FVCs was consistent with that created with the
simulated spectral data. These findings would be beneficial to decision-makers or researchers for the
remote sensing application to mapping and assessing the dust effect in mining areas.
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