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Abstract. The dust storm is one of the severe natural disasters that has been recently threatening the Middle East
region due to climate changes and human activities. This phenomenon has become a national crisis in some countries
in this region over the previous years, especially in spring and summer. This research aims to detect and monitor the
areas covered by the seasonal and occasional dust storm from MODIS (Moderate Resolution Imaging
Spectroradiometer) satellite imagery. MODIS imagery possesses impressive spectral and temporal characteristics that
are essential for such an environmental application of Earth observations. An efficient algorithm, based on the spectral
and statistical analysis of both thermal and reflectance bands of MODIS data, was developed through a decision tree
method. To this end, an index was proposed to detect the dusts over the land using the brightness temperature of
thermal bands. The results of the proposed algorithm were assessed utilizing ground-based observation of synoptic
stations. The proposed method showed high reliability and performance, as well as the automatic capability of dust
detection in land and sea areas of the image simultaneously. The evaluation of results showed that the proposed
algorithm could detect thin and thick dust storms with an overall accuracy of about 80%. Moreover, the dust
monitoring results visually agreed well with the Ozone Monitoring Instrument Aerosol Index (OMI-Al) dust products.

Keywords: Dust detection and monitoring, Brightness Temperature, MODIS Satellite Images, Middle East, OMI-
Al.
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1 Introduction

Dust storms are one of the most hazardous environmental phenomena that frequently take place in
arid and semi-arid regions [1, 2]. A dust storm is the consequence of particles or sand dust picked
by stormy winds from the surface of the desert. These solid particles are suspended in the air and
reduce the visibility to near-zero in nearby regions [3, 4]. According to the World Meteorological
Organization (WMO), the dust particles affect the cloud droplets and crystals, thus affecting the
location and amount of precipitation. Therefore, the effects of dust on drought and the environment
and climate change must be carefully assessed [5].

Suspended particles can cause environmental, economic, and social problems. In other

words, air pollution affects people’s health, quality of agricultural products, soil fertility, and

1
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infrastructures [6, 7]. Various reports have also shown that dust storms seem to impact the quality
of communications [4, 8, 9, 10, 11, 12]. Besides that, they can create irrecoverable health issues
for children and people having breathing disorders [4, 13, 14].

Various factors, including atmospheric interactions, severe winds, bare soil, and lack of
vegetation cover, geological structures, little rain, decreasing soil moisture, and arid climate, create
such storms [15, 2, 16, 17]. These particles may rise into a higher level of the troposphere after
released, and come down in the other urban or agriculture areas [18]. Consequently, real-time and
automatic monitoring of dust particles is primordial for the population health [19, 6].

There are various technologies for monitoring dust storms, including ground-based
observations, video surveillance, wireless sensors, satellite remote sensing [20]. The ground-based
observations are among the most accurate technologies; nevertheless, they are unable to monitor
the displacement of dust on a large-scale. The properties of dust particles are frequently measured
by ground measurements using sun photometers [5]. The AERONET (AErosol RObotic
NETwork) is a network of ground-based sun photometers that provide high temporal resolution
Aerosol Optical Depth (AOD) measurements [21].

Compared to the other methods, remote sensing is recognized as the best approach for
assessing the process of dust from the beginning, and over the space and time. Besides, satellite
imagery can be efficient in studying how the meteorological parameters such as wind speed, wind
direction, atmospheric pressure, and surface temperature affect the rise and distribution of dust in
time and space [22, 23, 24]. Dust can be detected in the ultraviolet range by absorption (0.315 —
0.4 um), in the visible spectrum by scattering and in the thermal infrared region by the difference

of ground surface/aerosol emissivity [25, 26, 5, 27, 28].
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Several studies have been carried out for dust detection using satellite sensors such as
MODIS [25, 29, 30], NOAA-Advanced High-Resolution Radiometer (AVHRR) [31, 32], Ozone
Monitoring Instrument (OMI) and Total Ozone Mapping Spectrometer (TOMS) [33, 34, 23, 35]
and Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) [36]. MODIS
sensor has been significantly utilized in dust detection because of its high spectral and temporal
resolution and extensive ground coverage [37, 38].

By considering the surface background, various algorithms have been developed, e.g.,
Dark Target for detecting dust on the sea surface [39] and Deep Blue for bright surfaces such as
deserts [40, 41, 42]. Moreover, a variety of approaches based on different parts of the
electromagnetic spectrum are proposed, including, thermal-based bands [43, 44, 45, 46, 47, 48,
49], visible- and near infrared-based bands [50, 51], and combination of visible and infrared
spectral bands [52, 53, 25, 54, 55, 10]. Many studies focused on the temporal and spatial variability
of dust aerosol frequency [33], while others concentrate on identifying dust source regions [56].

Some researches declared that the Middle East is one of the principal sources of dust in the
world [57]. The primary source of these dust storms is originated from Irag, Kuwait, Saudi Arabia,
and Syria [47]. In recent years, the recurrence of dust storms in this region has been increased [58,
17]. The Shamal winds often spur dust storms in the Middle East region. Hot and dry north-
westerly winds blowing across the Persian Gulf frequently in summer (in June and July), but can
happen any time of year. The occurrence of the dust storms in Iran, north eastern Iraq, and Syria,
the Persian Gulf, and the southern Arabian Peninsula is frequently in the summer. However, in
western Irag and Syria, the northern Arabian Peninsula is usually in the spring [59].

Numerous research works have investigated the dust storms in this region; however, most

of them have several general limitations. First, some of these algorithms are not capable of
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distinguishing between dust and desert due to their similar spectral behavior [43, 44, 18]. Second,
they have trouble discriminating between dust and clouds and dark and bright surfaces [47, 43, 44,
50, 18, 46]. Finally, most of them are not able to detect thin dust over water [43].

This paper aims to propose a method that overcomes the limitation of the previous
approaches by using a combination of the visible and infrared spectra. This method is based on the
spectral and statistical analysis of thermal and spectral observations to discriminate dust from other
phenomena and can detect dust over both land and water areas. This method consists of four main
steps as follows: i) masking clouds using reflective and thermal bands ii) detecting water bodies
iii) detecting dust over lands based on an efficient index using thermal bands, and finally, iv)

detecting thin dust over the water.

2. Materials and Method

2.1. Study Area

The study area is consisting of the western part of the Middle East, which includes the west and
southwest of Iran, Irag, Saudi Arabia, Kuwait, Yemen, and the United Arab Emirates (see Fig. 1).
Most of these regions are located in the semi-arid and arid region and have a little annual rainfall.
There are many deserts in this area. Due to Shamal winds, the areas mentioned above are typically

experiencing dust in the spring and summer.
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Fig. 1 The study area, the Middle East region around the Persian Gulf.

2.2. Earth Observations

2.2.1. MODIS Data

MODIS is a passive satellite sensor that provides data in the visible and infrared spectral domain,
including thermal infrared. Thermal bands of MODIS sensor, installed on Aqua and Terra satellites
launched in 1999 and 2002, is widely used for detecting dust in satellite images [55, 26]. MODIS
has 36 bands in the visible to thermal infrared spectrum (0.4 — 14.4 um). From these bands, bands
1 and 2 have a 250-meter resolution, while bands 3 to 7 have 500-meter resolution, and bands 8 to
36 have 1 km of resolution [25]. Thermal bands have a spatial resolution of 1 km by 1 km. These
sensors are observing the entire surface of the planet Earth every day or two. Due to its extensive
spatial coverage and high temporal resolution, MODIS data are useful to track large-scale

phenomena and environmental changes.
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In this study, we used MODIS level 1B images from both Aqua and Terra satellites. Daily
MODIS Level 1B calibrated radiance data of MODIS sensors with 1 Km resolution are available
through the NASA website, i.e., at http://ladsweb.nascom.nasa.gov/. Levell B MODIS data are
calibrated, geo-referenced, and geometrically corrected [60]. Re-projection and resampling were
applied to the data using the MODIS conversion toolkit (MCTK). Moreover, Level 1B images
were converted to brightness temperature using the MCTK toolkit. A list of the bands used for

dust detection is presented in Table 1.

Table 1 List of the MODIS bands used in this study.

Band’s number Wavelength (um) Resolution (m)
1 0.620 —0.670 250
2 0.841 - 0.876 250
3 0.459 — 0.479 500
4 0.545 — 0.565 500
5 1.230 - 1.250 500
7 2.105 - 2.155 500

20 3.660 - 3.840 1000
23 4.020 - 4.080 1000
31 10.780 - 11.280 1000
32 11.770 - 12.270 1000

In this study, ten MODIS images from 2008 to 2018 were used to test and evaluate the proposed
dust detection algorithm. Table 2 presents a summary of these images. Three of these dust
events/images were used for sample data collection and threshold estimation, while the remaining

data were used to evaluate the proposed algorithm.
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Table 2 Summary of dust event case studies and MODIS images used in this study.

Date Satellite Product

October 29, 2017 Terra MODO021KM
July 05, 2009 Agua MYDO021KM
May 12, 2018 Terra MODO021KM
October 31, 2017 Aqua MYDO021KM
October 31, 2017 Terra MODO021KM
June 19, 2012 Aqua MYD021KM
June 19, 2012 Terra MODO021KM
March 05, 2010 Terra MODO021KM
June 03, 2011 Agua MYDO021KM
June 07, 2008 Agua MYDO021KM

2.2.2. OMI Data

OMI is a nadir-viewing near-ultraviolet (UV) and visible charge-coupled device (CCD)
spectrometer aboard NASA’s Aura spacecraft with a resolution of 13 km by 24 km at nadir [61].
Aura was launched on July 15, 2004. The OMI observes the Earth’s surface through two UV bands,
UV1 (270-314 nm) and UV2 (306-380 nm), and one visible band, VIS (350-500 nm). It is
essential to mention that the time difference between Aqua’s MODIS data and OMI was less than
15 min [62].

The OMI can distinguish between different aerosol types, such as dust and smoke. It can
measure cloud pressure and coverage that can provide data to derive tropospheric ozone.
Considering the Lambert Equivalent Reflectivity (LER) assumption, the difference between the
measured and calculated radiance is described as the Aerosol Index [63]. The OMI near-UV
aerosol algorithm calculates the LER at 388 nm (i.e., R3gg) by assuming the atmosphere scattering

is purely Rayleigh [64]. Calculation of the UV Aerosol Index (UVAI) as follows:

I354- (R354)
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where 1325 is the radiation recorded by sensor and I3 is calculated by assuming LER of Rjs,.
Positive UVAI values indicate absorbing aerosol (carbonaceous aerosols, desert dust,
volcanic, etc.), While Negative values indicate non-absorbing aerosol. Near-zero values of UVAI
also indicate clouds, minimal aerosol, or other non-aerosol [64].
In this study, OMI-Aura_L3-OMAERUYV daily data was used for visual evaluation of the

dust detection model.
2.2.3. Ground Observations

For performance evaluation of the proposed algorithm, the ground observations obtained from 212
synoptic stations, managed by Iran’s Meteorological Organization (IMO), which observe several
weather parameters every hour. These weather parameters were horizontal visibility and code 06.
Code 06 is a ground observation that measures the extensive and suspended dust particles, which
is not raised by the wind at or near the station at the time of observation. The remnants of dust
particles that came close to the observatory station due to sandstorms of trans-local origin and
reduced vertical visibility are also reported in Code 6. Due to the limited access to the synoptic
data from other countries, in this study, we used only the synoptic data of the IMO. It worths
mentioning that we used synoptic data at and near the time of satellite overpasses. Fig. 2 shows

the distribution of these synoptic stations across the whole country.
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Fig. 2 The distribution of 212 synoptic stations utilized in this study.

2.3. Proposed Methodology

In this study, different steps were followed to identify the dust pixels from MODIS imagery.
Statistical analysis was first performed to find suitable bands and proper thresholds for better dust
detection. This analysis was based on the sampling of diverse objects (cloud, land, water, and dust
over different surfaces) in the MODIS images. Training data was used to extract the relevant
formula and thresholds. Three of the dust storms that occurred in 2012/06/19 (Aqua), 2011/06/03,
and 2010/03/05 are considered in this study to collect training data. After sampling and finding the
appropriate bands, the clouds were masked from the image. The next step was to identify water
bodies. Finally, using two separate methods, the dust was detected over water and land. The
flowchart of the proposed approach is shown in Fig. 3.

To implement the proposed algorithm, we need to calculate the brightness temperature

of thermal bands. The brightness temperature is the temperature of a blackbody that emits the same
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intensity when viewed with the same detector. The amount of radiation emitted by a black body
depends on its temperature, and is defined by Planck’s Law:
2hc?A~5

hc)_1 (2)

B(LT) =
€Xp (m

where B(A,T) is the Planck function at wavelength A(m), T is brightness temperature, c=2.99x108
m s is the speed of light, h=6.626x10"34 m? kg s! is the Planck’s constant, and k=1.38x102% J K-

1is the Boltzmann’s constant. Using this equation, the temperature can be derived as follows:

hc
T =

2hc2) (3)

Akln (1 + L_)\S

where L is the radiance value for a given pixel.

10
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Fig. 3 The proposed dust detection approach.

2.3.1. Threshold estimation

Modeling of the spectral behavior of different objects was performed based on all the MODIS
bands. Then, useful(valuable) bands were selected for each object. Approximately 10,000 pixels
of each class in three images were sampled for five classes, and then, their statistical parameters
were calculated. Fig. 4 represents the extracted spectral signatures of clouds, clear water, dust over

water, desert, and dust over land.

11
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Fig. 4 Spectral Reflectance (top), and Brightness Temperature (bottom) signatures of different objects.

By calculating the statistical parameters and thresholds, the proposed indices were modeled and
applied to the images. Fig. 5 shows the results in the box plots. A box plot displays the distribution
of quantitative data so that it facilitates comparisons between variables. The box shows the
quartiles of the distribution, and the whiskers show the rest of the dataset.

As isevident in Fig. 4-a, bands 1, 2, and 5 are suitable(becoming) bands for detecting water
since they have a low reflection among the classes. One of the standard indices for identification
and detection of water bodies is the Normalized difference water index (NDWI). Besides that, the
Normalized difference vegetation index (NDVI) is suitable for finding water bodies that thin dust

is present over water (Eq. (4) and (5)).

12
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NDWI = Rog58 um — R1.24 ym

Ry gs58 ym + R1.24 ym

NDVI = Ro.858 um — Ro.645 pm

Ry g58 um + Ro.645 um

where Ro.645 um , Ro.gs8 um , and R1.24 um 1S the reflectance of band 1, 2, and 5.
Considering all datasets and bands, we noticed that the brightness temperature difference
between band 20 and band 31, as well as a relationship between band 4 and band 7 is suitable to

detect dust over water:

BTD37-11 um — BT3 4 um — BTi4 pm (6)

_ R0.545 pum R2.105 pum
Ry =23 R (7
0.545 um T R2.105 um

where Ro.s45 um and R2.105 um are reflectance values in bands 4 and 7. BTz7um and BT11 um are the

brightness temperature of bands 20 and 31.
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band 20 and band 31.
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194  2.3.2. Clouds Masking

195  Asshown in the flowchart (Fig. 3), the first step in implementing the proposed method is to mask
196  clouds in the images. Clouds exhibit a much lower value of brightness temperature than other
197  objects (Fig. 4-b). Brightness temperature is not capable of detecting thin clouds alone. Song et
198 al. [65] suggested a method for mask clouds using reflection of band 1 (0.66 pm)-because of
199  clouds’ high reflection in this band-and brightness temperature of band 32 (12 um). Unfortunately,
200  after applying these formulas, clouds are not entirely masked, therefore, besides the mentioned
201  bands, band 3 is utilized for cloud detection because of high reflection in this band (Fig. 4-a). Fig.
202  6-adepicts the result for the cloud mask of the proposed method on the image of the dust event in

203 2012
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Fig. 6 Result of cloud masking (a), and the MODIS RGB image (b).

204  2.3.3. Water Delamination

205  The spectral behavior of thin dust over water differs from that of thick dust. Conventional strategies

206  cannot detect thin dust over water. Accordingly, we mapped the water bodies in the image. Using

15
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spectral and statistical analysis, three formulas were selected for the identification of water bodies.

The amount of NDWI (Eq. (4)) to detect water is greater than zero (Fig. 5-c) [66, 67]. As
well as, the value of NDVI (Eq. (5)) is less than zero, but According to Fig. 5-a, if thin dust was
presented above the water bodies, the value of NDVI will be slightly higher than zero accordingly.
Therefore, the threshold is set to a value above zero. Moreover, the brightness temperature of band
23 was used to detect water bodies with respect to the difference in value with other objects (Fig.
4-b and Fig. 5-d).

Fig. 7-a showed the results for the water bodies’ delamination of the proposed method

implemented on the image of the dust event in 2012.
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Fig. 7 Result of water delamination (a), and the MODIS RGB image (b).

2.3.4. Dust detection over the water surface

As mentioned earlier, the detection of thin dust over the water was one of the problems with
previous algorithms. Therefore, to detect dust over water, first, we have to extract the water bodies.

After identifying the water pixels in the image, we developed a method to distinguish between

16
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transparent and opaque water pixels. Considering the statistical analysis of the transparent and
opaque water pixels, BTDs7.11 yum and Ras;7 (EQ. (6) and (7)) were applied to distinguish these two
classes. MODIS Aqua and Terra images have sun-glint over water. In order to remove this effect,

we detect dust for the sun-glint free region (with a sun-glint angle greater than 30 degrees) [68].
2.3.5. Dust detection over the land surface

The main challenge in detecting dust using satellite data is the separation of the spectral signal of
dust from the surface of the Earth and the cloud, and this is especially challenging for bright
surfaces [41, 42]. Due to similar reflectivity of dust particles and deserts in the visible bands, dust
storm detection in the Middle East region is more complicated. Furthermore, using a single thermal
band cannot distinguish between dust and other objects. As a solution to these limitations, using a
combination of thermal, visible, and infrared bands from MODIS imagery can efficiently detect

the dust [44, 24].
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Fig. 8 The Eq. (8) and (9) results; image data captured on June 19, 2012.
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Ackerman [43, 44] used the brightness temperature difference of band 20 (3.66-3.84 um) and band
31(11.28 —1.78 pum), i.e., BTD 3.75.11 um, and difference of band 32 (12.22 — 11.77 pum) and band
31, i.e., BTD12.11 ym. Although BTD 3.75.11 ym can efficiently make a distinction between dust and
ground surface, it cannot discriminate cloud and dust [44].

Based on the analysis of different bands, as well as the statistical analysis of different
classes, we found that the brightness temperature of bands 20, 31, and 32 is suitable for dust
detection over the land surfaces. These bands have been used in various studies to detect dust [43,

44]. For this reason, we have found two relationships to detect dust on land cover areas (Eg. (8)

and (9)).
BT.
Band Ratios 7,m-11ym = BT3.7 al (8)
11 um
BTDy;-12 = BTy4 um — BTy, um 9)

where BT3.7 ym , BT11um and BT12 um are the brightness temperature of band 20, 31, and 32.

The 2012’s satellite image was selected to perform this analysis. The results of these two
equations are shown in Fig. 8-a and Fig. 8-b. Using these two equations separately, we cannot
extract dust entirely from the image. For this reason, training regions were used to analyse these
equations. Sampling was performed on thin and thick dust and different parts of the land, including
bright and dark surface. More than 8000 pixels of land objects and about 1800 pixels of dust were
selected. Sampling results showed that by combining the above two equations, dust over land could

be well detected. Using these surveys, we found a relationship for dust detection (Eq. (10)).

18



BT3.7 pm

(BT12 p.m_BTll um) (10)
BT11 um)

Improved Dust Index = (

249  The threshold for this index was calculated using the Otsu algorithm [69]. This algorithm is based
250 on an iterating procedure through all the possible thresholds. It calculates a measure of spread on
251  each side of the threshold and ultimately finds the optimal threshold values with the minimum
252 inter- or the maximum intera- class variance. The dust index (Eg. (10)) was applied to the dust
253  event images, and the result was classified into three classes of dust, land, and cloud (Fig. 9). The
254  two threshold values (T1 and T2) are generally not constant and vary based on the season of

255  occurring dust storms.
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Fig. 9 Result of classification of the improved index with Otsu’s thresholding (a), and the histogram of the image
(b).
256 3. Results and Discussion
257 The proposed algorithm was applied and evaluated on ten dust occurrences from 2008 to

258 2018. Fig. 10-b, Fig. 11-b, and Fig. 12-b show the results of the proposed algorithm
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implementation on test images. In Fig. 10-b, it is apparent that the clouds masked well. Although

there are many clouds in this image, the algorithm has been able to detect dust with decent

accuracy. Thin dust over the

water was also detected well. In the 2011 dust event, the algorithm

has detected many dust particles over the water. The clouds are relatively well masked in the image

(Fig. 11-b). In the 2012 dust event, water bodies were identified well, and thin and thick dust over

them was detected with reasonable accuracy. Clouds were masked well. Finally, dust over the land

was detected (Fig. 12-b).
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Fig. 10 Results of the proposed algorithm (a), MODIS RGB images (b), and OMI Al (c) obtained on March 5

2010.
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Fig. 11 Results of the proposed algorithm (a), MODIS RGB images (b), and OMI Al (c) obtained on June 3 2011.

Bin Abdulwahed, Dash and Roberts [5] evaluated various dust detection algorithms in the Middle
East [5]. Their results showed that the Middle East Dust Index (MEDI) had difficulty
distinguishing dust from dark and deserts regions. Also, their results showed that the brightness
temperature difference is not capable of distinguishing dust from the bright surfaces well. They
stated that the Normalized Difference Dust Index (NDDI) was more agree with the AERONET

among the indicators they examined.
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Fig. 12 Results of the proposed algorithm (a), MODIS RGB images (b), and OMI Al (c) obtained on June 19 2012.

Jafari and Malekian [61] also studied dust detection methods. They stated that available algorithms
worked well in thick dust conditions, but in cloudy conditions, over water, and bright surfaces
have different performance. As well as, they stated that examined algorithms generally misclassify
thick clouds as dust.

Comparing the similar results from other research works, our results show that the clouds

were relatively well masked in all images. The significant challenge for dust detection algorithms
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using the brightness temperature is to distinguish dusty pixels from the cloud. Because of the low
spatial resolution of MODIS, thin clouds in pixels may have the same behavior of dust in the
image. Appropriate cloud masking helped us to identify dust pixels better and might significantly
reduce the number of false alarm pixels; in other words, pixels that were not dust but identified by
the algorithm as dust. The next significant limitation of dust detection algorithms is the inability
to detect dust over water bodies. It is challenging to identify thin dust pixels over water bodies
with the brightness temperature merely. We need to detect thin dust over these areas with a separate
method. Fortunately, in the proposed method, we were able to identify the dust smoothly by using
statistical analysis.

Furthermore, distinguishing between dust pixels and bright surfaces such as deserts, which
are abundant in the Middle East, is another challenge. Accurate threshold estimation in these areas
is essential. We were able to overcome this problem to an acceptable level by automatically finding
the threshold. Moreover, Lower threshold values in the improved index to detect dust over the land
surface may cause problems between dust and desert. The proposed algorithm has a higher

capability to distinguish between dust and other objects.

3.1. Validation

There are several ways to evaluate dust detection algorithms. In this paper, three separate panels
were created to evaluate the proposed method for each three dust events. In each case, the results
of the proposed method visually evaluated with MODIS RGB images where red, green, and blue
are band 1, band 4, and band 3, respectively. Also, the results visually evaluated with OMI Al
products. Although the OMI resolution is lower than the MODIS resolution, these products can
indicate the intensity and location of the dust particles. Finally, the results of the method were

evaluated with Iran synoptic data.
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3.1.1. Visual evaluation of MODIS’s dust detection

The results of the proposed algorithm are in good accordance with MODIS RGB images. Although
MODIS images can be good at visually detecting thick dust, they have poor performance at
detecting dust, especially in desert areas.

In the 2010 dust event, although the dust on the water and land is thin, the algorithm has
been able to identify it relatively well (Fig. 10 a and b). However, a significantly lower threshold
may be able to detect dust over the land more accurately. In the 2011 dust event, it is challenging
to identify dust pixels over water and land visually. In this image, although the cloud is present in
the image, the number of false alarms is near zero (Fig. 11 a and b). In the 2012 dust event, many
south-western synoptic stations of IMO recorded a reduction in visibility to less than 1km. There
is also some dust in the middle part of the image, but it cannot be seen in the RGB image (Fig. 12

a and b). There are some clouds in this image, but the number of false alarm pixels is deficient.

3.1.2. Visual companion with OMI-Al

OMI-AlI for three dust events are presented in Fig. 10-c, Fig. 11-c, and Fig. 12-c. In the 2012 dust
event, the results of the OMI-AIl measurement are very consistent with the output of the proposed
algorithm over water. An examination of the results of the proposed algorithm and images of OMI-
Al shows that our method was able to perform better for the Al larger than 1.7. In the 2011 dust
event, the results showed a good agreement between the proposed algorithm and OMI-Al over
water and land.

Comparisons between the results of the proposed method and OMI-Al products showed
that in Aqua images, due to the short time difference between Aqua and Aura satellite, the

algorithm has been able to detect dust well. However, in the Terra satellite, due to the significant
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time difference, and the dynamic behavior of the dust, the results of the algorithm may be different

from OMI.

3.1.3. Accuracy assessment

Because some of the synoptic stations were exterior of the studied region for dust detection, the
analytical evaluation of the proposed algorithm was limited to the only overlapped areas.
Horizontal visibility is a suitable parameter for the identification of the days that dust storms are
occurred [26]. Therefore, 3-hourly synoptic data (i.e., horizontal visibility and code 06) records
from 212 synoptic stations used to evaluate the proposed method. It should be noted that the
maximum time difference between the MODIS images and the synoptic data was about 15
minutes.

For classification assessment, a confusion matrix is widely used to evaluate the
performance of the algorithm. The confusion matrix, for a binary classification case, is a table with
two rows and two columns. It reports the number of true positives (TP), true negatives (TN), false
positives (FP), and false negatives (FN). For each of ten dust events, image pixels were classified
into two classes of “dust” and “no dust.” Here, TP represents the number of pixels where both
synoptic data and proposed algorithm indicate the presence of “dust.” FP is the number of pixels
where synoptic data indicates “no dust.” FN is the number of pixels where synoptic data indicates
“dust,” but the proposed algorithm indicates “no dust.” Finally, the variable TN represents the
number of pixels where both synoptic and proposed algorithms indicate “no dust.”

Three statistical metrics, including accuracy, True Positive Rate (TPR), and False
Discovery Rate (FDR), were calculated using the following equations and used for accuracy

assessment.
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TP + TN (11)

A =
Ay = TP Y FP+ FN+ TN

TP (12)

TPR= ——

TP + FN
(13)

FDR= ——

TP + FP

The performance of the proposed algorithm is evaluated using contingency Table 3.

Table 3 The results of validation with synoptic data

Date Accuracy TPR FDR

29 Oct 2017 0.76 0.74 0.30
05 Jul 2009 0.78 0.77 0.28
12 May 2018 0.77 0.76 0.28
31 Oct 2017 0.82 0.72 0.29
31 Oct 2017 0.81 0.73 0.29
19 Jun 2012 0.83 0.71 0.27
07 Jun 2008 0.81 0.78 0.31
Overall 0.80 0.74 0.29

As shown in Table 3, the overall accuracy for the dust detection algorithm was ~80 %. TPR and

FDR were about 74 % and 29 %, respectively.

4. Conclusion

The real-time and automatic detection of dust, as a hazardous environmental phenomenon, is an
essential and challenging application for different purposes. In this study, we proposed a method

to detect and monitor the dust over water and land. This method was applied to daily MODIS
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Level-1B data. The output dust maps were visually compared with MODIS RGB images and OMI-
Al products as well as, the results of the proposed method were evaluated with observations from
several synoptic ground stations of the Iranian meteorological organization. In total, three dust
events were selected to collect sampling data and seven dust events to evaluate the efficiency of
the proposed method. The overall accuracy of the dust detection algorithm was about 81%. The
results showed that this model has acceptable accuracy for dust detection over both water and land
areas. In particular, in contrast to the previous models, the proposed method was capable of
detecting thin dust on the water. Low-density dust is not always visible in MODIS images due to
its low spatial resolution. Therefore, there may be an uncertainty of detection over the
corresponding areas. As a solution, higher spatial and temporal resolution satellite imagery can
help better detection of dust in our future research. The proposed algorithm is planned to be
implemented in the Google Earth Engine and to be served as the basis of a Spatial Support Decision

System for various end-users.
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