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The aim of this study was to utilize remote sensing and ground-based spectral data to assess dustfall distribution
in urban areas. The ground-based spectral data denoted that dust has a significant impact on spectral features.
Dusty leaves have an obviously lower reflectance than clean leaves in the near-infrared bands (780–1,300 nm).
The correlation analysis between dustfall weight and spectral reflectance showed that spectroscopy in the
350–2,500-nm region produced useful dust information and could assist in dust weight estimation. A back prop-
agation (BP) neutral networkmodelwas generatedusing spectral response functions and integrated remote sens-
ing data to assess dustfall weight in the city of Beijing. Compared with actual dustfall weight, validation of the
results showed a satisfactory accuracy with a lower root mean square error (RMSE) of 3.6 g/m2. The derived
dustfall distribution in Beijing indicated that dustfall was easily accumulated and increased in the south of the
city. In addition, our results showed that construction sites and low-rise buildings with inappropriate land use
were two main sources of dust pollution. This study offers a low-cost and effective method for investigating
detailed dustfall in an urban environment. Environmental authorities may use this method for deriving dustfall
distribution maps and pinpointing the sources of pollutants in urban areas.

© 2014 Elsevier B.V. All rights reserved.
1. Introduction

Dust diffusion and deposition are widely considered important
factors affecting the ecological environment (Rashki et al., 2013).
Airborne dust carrying heavymetals and particulatematter (PM) is rec-
ognized as the most harmful air component (Rai, 2013). Leaf dustfall
can also impair plant growth, and a significant negative correlation
was found between dust and pigment content (Prusty et al., 2005).
Thus, determining the spatial distribution of dust and analyzing its
sources can provide a data basis for environmental management
agencies to mitigate air pollution.

However, some studies that measured atmospheric pollution
by sampling particulates were expensive and time consuming
of Land Surveying and Geo-
g Hom, Kowloon, Hong Kong.
(Shu et al., 2000; Likuku et al., 2013), and others required a high density
of sampling points to ensure accuracy, whichwasted labor and resulted
in poor simultaneity (Chudnovsky and Ben-Dor, 2008). Although
satellite-based solutions, which can solve problems mentioned above,
have been widely applied to monitor air pollution, there are still many
problems associated with this technique, such as a poor relationship
between selected indices (aerosol optical thickness (AOT), etc.) and
air quality (Bilal et al., 2014; Soni et al., 2014; Rahimi et al., 2014). In
addition,many studies used satellite images to obtain AOT and explored
its relationship with PM (Chu et al., 2003; Gupta et al., 2006; Wong
et al., 2011; Luo et al., 2014). However, few researchers have applied
satellite images to monitor urban dust and focused on the characteris-
tics and source of the dustfall (Lue et al., 2010).

Recent studies revealed that dust deposited on leaf surfaces may be
used as an indicator of air pollution (Yang et al., 2011; Ram et al., 2014).
By collecting particulates accumulated on pine needles, Urbat et al.
(2004) found that the main source of air pollution in Cologne was
motor vehicles. Plant cover in urban areas could be used to acquire the
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spatial distribution of atmospheric dust (Lu et al., 2008; Luo et al., 2013;
Peng et al., 2013). Yan et al. (2014a) used the near-infrared band to es-
timate the amount of leaf dust deposition, and the results showed good
accuracy. Chudnovsky et al. (2007) developed a new spectral-based
method for estimating indoor settled dust weight. Ong et al. (2001)
used visible, near-infrared, and short-wave-infrared high-resolution
spectral images to quantify the leaf dust load of mangroves. Thus, re-
mote sensing can be used to investigate dust pollution in urban areas
(Zheng et al., 2001).

The purpose of thisworkwas to establish a reliablemethod formon-
itoring dust distribution with the aid of satellite images and plant leaf
spectral data. We first analyzed the correlation between spectral reflec-
tance and dust on plants. Based on this correlation, dust distribution
was obtained using a neutral network model. Finally, the sources of
dust in urban areas were discussed.

2. Materials and methods

2.1. Study area

This study was conducted in the city of Beijing, which lies at east
longitude 39.92° and north latitude 116.46° and covers an area of
16,807 km2. It is located at the northern edge of the North China Plain
at the junction of the Inner Mongolia Plateau, the Loess Plateau, and
the North China Plain. The city's elevation decreases gradually from
west to east due to the distribution of mountains and plain. The climate
in Beijing is typical sub-humid warm temperature continental mon-
soon, with annual average temperatures between 10 °C and 12 °C and
rainfall of 626 mm (Hou et al., 2012).

With the development of the city capital construction, the land cover
in Beijing has changed markedly. Many main roads and residential
buildings have been built to accommodate the increase in population
and the consequent increase in the number of motor vehicles. Even
though the Beijing city government has made great efforts to improve
the environment, urban air pollution problems have become increas-
ingly serious.

2.2. Satellite data

Moderate resolution Imaging Spectroradiometer (MODIS) Terra L1B
data were obtained from NASA's Goddard Space Flight Center (http://
modis.gsfc.nasa.gov). The MODIS L1B data contains calibrated and
geolocated at-aperture radiances for 36 bands generated from MODIS
Level 1A sensor counts (Bilal et al., 2013). This study used MODIS im-
ages acquired on July 2, August 3, and September 25 2013. Table 1
lists the weather information from the days when MODIS overpassed.

2.3. Plants collection

In this study, Euonymus japonica L., Sophora japonica L., and
Populustomentosa L. Carr. were selected as experimental plants.
Euonymus japonica L. is one of the main shrub species in Beijing,
while Sophora japonica L. and Populustomentosa L. Carr. are also
common in this area (Yang et al., 2005; Yan et al., 2014b). The
above plants have been widely used for landscaping around cities.
Experimental leaf samples were collected from 44 sampling
Table 1
Weather information during a moderate resolution imaging spectroradiometer (MODIS)
overpass.

Date Wind direction
(°)

Wind speed
(m/s)

Relative humidity
(%)

AOT at
550 nm

7/2/2013 290 5 49 0.11
8/3/2013 130 2 43 0.25
9/25/2013 290 4 18 0.06
locations around Beijing, and their spatial distributions are shown
in Fig. 1.

2.4. Spectral measurements and processing

Initially, each plant leaf was weighed using an electronic analytic
balance (1/10,000 g scale). Then, the spectral reflectances of the leaves
were measured using a spectrometer (Analytical Spectral Devices
FieldSpec Pro, ASD 2008) equipped with a Plant Probe (ASD auxiliary
product, Halogen bulb light source type) and an ASD Leaf Clip. The
ASD is a single-beam field spectroradiometer covering a range of
350–2,500 nm with a total of 2,100 spectral bands. The spectral mea-
surements were repeated 10 times for each sample, and the mean
value was taken to represent each leaf's spectral reflectance (Hansena
and Schjoerring, 2003; Haboudane et al., 2004). Subsequently, leaves
were cleaned with ultra-pure water and dried by absorbent paper. The
cleaned leaves were reweighed, and the reflectances were measured
again. Although leaf reflectance is affected by many factors, such as
chlorophyll, plant health, andwater content, this research compared re-
flectance data between dust and clean leaves,whichwas referred to as a
samples' self-comparison and, thus, neglected possible interfering
factors.

Another issue was that, due to low spatial resolution of MODIS im-
ages and the limited study area, urban cities always contained mixed
pixels, which made dustfall retrieval inaccurate. Thus, when collecting
leaf samples, the selected locations needed to bewidely covered by veg-
etation cover. In addition, in order to eliminate the interference of plant
type on the retrieval result, mean spectral values for three plants at sin-
gle site were calculated and used for final dustfall weight calculations.

In order to transfer ground-measured data to satellite images, a leaf's
narrow-band spectra was resampled at broad-band according to the
relative spectral response function of MODIS (Supplementary Fig. 1).
The MODIS spectral response function is as follows (Ghulam et al.,
2008):

RMODIS λð Þ ¼

Z λmax

λmin

RLeaf λð Þ f λð Þdλ
Z λmax

λmin

f λð Þdλ
ð1Þ

where RMODIS(λ) refers to broad-band reflectance, f(λ) refers to the
MODIS spectral response function at a corresponding waveband, λmin

and λmax refer to the lower and upper limit of band internal, and λ indi-
cates the centerwavelength (nm) in each band. Then, the ratio of the re-
flectance between dust and clean leaves was calculated by the
following:

r λð Þ ¼ RDust
MODIS λð Þ

RClean
MODIS λð Þ ð2Þ

where RMODIS
Dust (λ) and RMODIS

Clean (λ) are dust and clean leaf's reflectance cor-
responding to a specific band of MODIS.

2.5. Dustfall retrieval

The central idea of this retrieval method is to find out the relation-
ship between spectral reflectance and dustfall weight and to sequential-
ly use “dust” images and “clean” images as input parameters to calculate
the whole dust distribution. Plant leaves can be cleaned by heavy con-
tinuous rain (Przybysz et al., 2014). Thus, based on Table 2, MODIS im-
ages from July 2 2013were considered “clean” images, and images from
August 3 and September 25 2013 were considered “dust” images.

The back propagation (BP) neutral network model is considered a
generalization of the delta rule for nonlinear activation functions and
has been successfully applied in many environmental studies (Tumbo
et al., 2002; Pal et al., 2003; Sahin, 2012; Valipour et al., 2012, 2013).

http://modis.gsfc.nasa.gov
http://modis.gsfc.nasa.gov


Fig. 1. Plant and validation sampling locations.
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Thus, it was used to retrieval dustfall weight in this research. For our BP
model, the training data were r(λ) and dust weight per unit area (dust
weight ÷ leaf area, N = 180), and the simulation data were MODIS re-
flectance ratios between dust and clean images (Fig. 2). This model
consisted of 15 nodes in the middle layer; “tansig/tansig” was chosen
as the transfer function and “trainlm” as the trainmethod. These param-
eters were determined by optimalmean squared error (MSE) and train-
ing time epochs (Supplementary Figs. 2–4).

Fig. 3 shows the workflow for dustfall retrieval. At first, MODIS data
were processed by the Second Simulation of a Satellite Signal in the
Solar Spectrum (6S) model to conduct atmospheric correction and cal-
culate surface reflectance. Then because normalized difference vegeta-
tion index (NDVI) values corresponding to sampling locations were
always greater than 0.4, NDVI in these ranges were extracted. Finally,
dustfall weights in these extracted regions were retrieved by a BP neu-
tral networkmodel, and Kriging interpolationwas adopted to derive the
whole dustfall distribution image.
2.6. Dustfall validation

This research used ground-measured dustfall weight to validate the
retrieval results. As shown in Fig. 4, empty bottles were numbered and
weighed. Then these bottles were hung on the pillars around Third
Table 2
Weather information from June 28 to July 2, 2013.

Date Weather condition Air temperature
(day/night)

6/28/2013 Moderate to heavy rain 33 °C/21 °C
6/29/2013 Showery rain 30 °C/22 °C
6/30/2013 Showery rain 28 °C/22 °C
7/1/2013 Heavy rain 28 °C/20 °C
7/2/2013 Sunny 34 °C/23 °C
Ring Road (Fig. 1) in Beijing, resulting in a total of 14 sampling sites
(Hua Yuan Qiao, Li ZeQiao, Wan Shou Si, Si Tong Qiao, Ji Men Qiao, Bei
Tai Ping Qiao, Ma Dian Qiao, An Zhen Qiao West, An Zhen Qiao East,
San Yuan Qiao, Liang Ma Qiao, ShuangJin, Pan Jia Yuan, and Ba Yi Hu).
The sampling time was from July 2 to August 1 2013.

3. Results

3.1. Influence of dustfall on plant's spectral features

Figs. 5A, B and C show the difference in spectral reflectance values
between dust and clean leaves for three kinds of plants. It is apparent
Fig. 2. Back propagation neutral network flow-chart of dustfall retrieval.

image of Fig.�2


Fig. 3. Schematic diagram of dustfall retrieval.
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that the trend in clean leaf reflectance is similar to dust, but their reflec-
tances have significant differences for specific bands. Dust leaves have a
higher reflectances than clean leaves at 350–700 nm, indicating that
dustfall reflects energy over this interval, and at 780–1300 nm dust re-
flectance is obviously lower than clean leaf reflectance. Although there
are fewer reflectance differences between dust and clean leaves at
Fig. 4. Sampling bottl
greater than 1300 nm, small amounts of dust sediment over this range
can be effectively examined (Chudnovsky et al., 2007). These features
mentioned above are consistent with previous findings by Wang et al.
(2012), Luo et al. (2013), and Peng et al. (2013), which revealed that re-
flectance differences between dust and clean leaves indeed exist.

Fig. 5D shows the correlation coefficients between dustfall
weight and leaf reflectance ratios (Dust/Clean). Generally, between
350–700 nm, 1400–1540 nm, and 1860–2500 nm, positive correlations
were present with dustfall, while 700–1400 nm and 1540–1860 nm
showed negative relationships. Specifically, the 750–1350 nm interval
contained a low point, reaching −0.38; 1350–1550 nm and
1950–2500 nm wavebands displayed a contrary positive relationship
with dust weight, and the correlation value reached 0.36.

Further correlation analysis between resampled spectral data r(λ)
anddustfall weightwas performed (Fig. 6). The results showed that gen-
erally the correlation trend was consistent with Fig. 5D: r(865 nm),
r(1240 nm), and r(1640 nm) were strongly and negatively related to
leaf dust, peaking at−0.47,−0.48, and−0.37, respectively. In addition,
r(550 nm) had the lowest positive relationship with dust (0.21). Corre-
lation coefficients of r(470 nm), r(660 nm), and r(2130 nm) ranged
from 0.3 to 0.34. Similar to our results, Chudnovsky and Ben-Dor
(2008) also found that spectrum correlated with dust content. Thus,
they could be used to predict the dust weight.

3.2. Dustfall retrieval and validation

Fig. 7 shows the results of dustfall retrieval in the Beijing urban area
on August 3 and September 25 2013 based on BP Network. It is clear
that the spatial and temporal variation of dustfall was significant during
these periods. The results fromAugust 3 reveal that high values concen-
trated at sampling locations in the northern corner of the city, such as
Fang's Lane and An DingMen. In addition, thereweremany hotspots lo-
cated around the main roads with values ranging from 15 to 23 g/m2.
es for validation.

image of Fig.�3
image of Fig.�4


Fig. 5. Impact of dust on spectral features: (A) Euonymus japonica; (B) Sophora japonica L.; (C) Populustomentosa Carr.; (D) correlation analysis between reflectance ratios (Dust/Clean) of
the three types of plants and dustfall weight.
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On September 25, dustfall levels increased, and the hotspots continually
extended. Southern areas of the city, such as the southeast of Second
Ring Road and the southwest of Third Ring Road, experienced a rapid
dustfall increase. To the north of the city, regions with elevated dustfall
on September 25were larger than those observed on August 3, particu-
larly in Jian XiangQiao andAnHuaQiao. The dustfall histogram shown in
Fig. 8 also indicates that September 25 had a mean value of 12.36 g/m2,
Fig. 6. Correlation analysis between r(λ
which was higher than the value observed on August 3 (10.98 g/m2).
Additionally, the retrieved dustfall followed normal distribution with
small standard deviations of 2.104 (September 25) and 2.046 (August 3).

To evaluate the performance of the retrieval results, derived dustfall
was compared with validation bottle data (Fig. 9). The comparison
shows that the change trend of the retrieved results agrees well with
bottle measurements, and a low root mean square error (RMSE) value
) and dustfall weight (N = 180).
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Fig. 7. Derived dustfall distribution in the city of Beijing.
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of 3.6 indicates satisfactory estimation accuracy. However, the retrieved
dustfall was slightly higher than the actual measurements, which may
be related to the fact that satellite reflectance not only accounts for sur-
face reflectance, but also contains noise, like bidirectional reflectance
distribution function (BRDF) effects and surrounding noises. Although
the 6Smodel was utilized to reduce these influences, therewere still er-
rors that could not be eliminated.

3.3. Dustfall source analysis

The spatial distribution of dustfall is influenced by many factors
related to land cover activities, such as building and population, air flush-
ing rates, and the distribution of transportation networks. Figs. 10A and B
Fig. 8. Histogram of derived dustfall on
show an under-construction subway station beside the Olympic Sports
Center and a construction site for business activities, respectively. These
construction projects are all in the high dustfall level regions and could
be the main source of dust pollution (Tsang, 1996). Wen and Yang
(2006) also indicated that construction sites contributed dust and parti-
cles and were prone to causing air pollution problems.

Due to the old age of Beijing, some of the buildings in the studied
area are low rise and in dilapidated condition (Fig. 10C). They are closely
packed along the roadwith little space between buildings (Fig. 11). The
lack of space between the buildings can easily trap air emissions, and
dustfall would be serious in these air sheds with limited dispersive
capacity. Homeowners might want to maximize the use of land,
resulting in limited open spaces, which are necessary for air ventilation.
August 3 and September 25, 2013.
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Fig. 9. Retrieved dustfall validation with actual measurement data.

610 X. Yan et al. / Science of the Total Environment 506-507 (2015) 604–612
In addition, transport related dust pollution could also be serious in
these areas. Emissions from vehicles diffuse poorly due to the lack of
space between old buildings.

4. Discussion

Combined with ground sampling and spectrum measurement data,
satellite can be used as a tool to map dustfall distribution over large
Fig. 10. Analysis of dustfall source: (A) an under-construction subway st
areas. The method proposed in this research not only represents an
original technique to observe air pollution by calculating the whole
dust distribution but also directly connects satellite data to observed
values at a very low cost. Unfortunately, the low spatial resolution of
MODIS cannot exactly match the sampling sites for leaf collection and,
thus, a high accuracy retrieval result is not expected. To combat this lim-
itation, this study selected sampling locations that were widely covered
by vegetation and corresponded to satellite pixels asmuch as possible to
ation; (B) a downtown business construction site; (C) cottage areas.

image of Fig.�9
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Fig. 11. Buildings in cottage areas.
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reduce the influence of mixed pixels. Another issue of concern is that
leaf reflectance can be altered by vegetation phenology. Liang et al.
(2006) indicated that, except for extreme weather impacts, surface
properties do not change dramatically within a 3-month period. From
the validation results, the trend of retrieved dustfall agrees well with
real measurements, which illuminates the reliability of this method
and demonstrates the utility of the results as a tool for curbing environ-
mental pollution. Nevertheless, there are still errors between satellite
and ground based data, and the retrieved results do not have a very
high accuracy. Thus, techniques for further improving accuracy remain
vital and require further study.
5. Conclusions

This study aimed at obtaining dustfall distribution on a city-scale
using satellite images and ground-measured leaf dustfall. Dustfall has
a significant impact on leaf spectral features, especially in the near-
infrared band (780–1300 nm), where dusty leaves have lower reflec-
tance values than clean leaves. Specifically, r(865) and r(1240) are
most closely related to dustfall, with the correlation coefficients
reaching−0.48 and −0.47, respectively.

Through a BP neural network model, Beijing city's dustfall distribu-
tion was estimated. The results revealed that dustfall easily accumulat-
ed and increased in the south of the city. The concentrations of dustfall
in the city conformedmore to the circular zonation pattern. The valida-
tion of the results showed a satisfactory performance compared with
the actual sampling bottles' dustfallweight (RMSE=3.6). Usingdustfall
images, twomain sources of dustfall were found: construction sites and
low-rise building with old and inappropriate land use, which corrobo-
rates earlier observations (Tsang, 1996; Wen and Yang, 2006).

This study illustrates that using remote sensing to detect dustfall can
be an effective and appropriate method of monitoring air pollution
levels. In addition, it provides an alternative solution for environmental
authorities to analyze dust sources more efficiently and economically.
Most importantly, our method can be further modified and applied to
other satellite images (e.g., Landsat).
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