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Detection of Dust Storms Using MODIS Reflective
and Emissive Bands
Esam El-ossta, Rami Qahwaji, and Stanley S. Ipson

Abstract—Dust storms are one of the natural phenomena, which
have increased in frequency in recent years in North Africa, Australia and northern China. Satellite remote sensing is the common
method for monitoring dust storms but its use for identifying dust
storms over sandy ground is still limited as the two share similar
characteristics. In this study, an artificial neural network (ANN)
is used to detect dust storm using 46 sets of data acquired between
2001 and 2010 over North Africa by the Moderate Resolution
Imaging Spectroradiometer (MODIS) instruments aboard the
Terra and Aqua satellites. The ANN uses image data generated
from Brightness Temperature Difference (BTD) between bands
23 and 31 and BTD between bands 31 and 32 with three bands
1, 3, and 4, to classify individual pixels on the basis of their
multiple-band values. In comparison with the manually detection
of dust storms, the ANN approach gave better result than the
Thermal Infrared Integrated Dust Index approach for dust storms
detection over the Sahara. The trained ANN using data from the
Sahara desert gave an accuracy of 0.88 when tested on data from
the Gobi desert and managed to detect 90 out of the 96 dust storm
events captured worldwide by Terra and Aqua satellites in 2011
that were classified as dusty images on NASA Earth Observatory.
Index Terms—Brightness temperature difference, dust storms,
MODIS, normalized difference dust index, satellite remote sensing.

I. INTRODUCTION

D

UST storms occur in many areas throughout the world
are one of the natural phenomena exacerbated by climate
change [1], [2]. Dust storms increase air pollution, which forces
people indoors, reduces visibility which delays both road and
air traffic and impacts on both urban and rural areas [3]. They
cause damage to human health, reduce the temperature, [4] and
damage communication facilities [5]. Dust can be transported
over very long distances. Sand from Saharan dust storms, for
example, caused by a combination of dry conditions and strong
winds, can reach as far as the north of Europe and parts of
Asia and North America [3]. Interest in monitoring and forecasting dust storms is increasing in order to help governments
reduce the negative impact of these storms. At present there are
two main methods available for monitoring dust storms: ground
based measurements and satellite based remote sensing. The
latter is expected to become the primary approach for the detection of dust storms if current problems with obtaining accurate
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detection under widely varying conditions can be overcome [1]
because it has many potential advantages including flexible coverage of wide areas and continuous monitoring. Satellite remote
sensing using true-color images or estimates of aerosol optical
thickness (AOT) and algorithms such as the deep blue algorithm
have limitations for identifying dust storms [6]. Dust storms can
be difficult to distinguish from sandy ground and from water
clouds in some spectral bands [7] where they have similar characteristics. However, in principle, the severity of dust storms,
the areas they affect and changes in intensities can be monitored
using appropriate remotely sensed images [4].
Many researchers have proposed methods aiming to distinguish dust storms from clouds, ground and water surfaces using
images from instrument such as MERIS [5], TOMS [8], SeaWiFS [9], GOES [10] and MODIS (Terra and Aqua) [1], [2],
[4], [5], [11] and those on the satellites NOAA-AVHRR [12],
Landsat and GMS [13]. In this study we have concentrated on
MODIS (Moderate Resolution Imaging Spectroradiometers)
data because it includes 36 spectral bands, which potentially
provides more opportunities for developing techniques for the
detection of dust storms than the data from other instruments.
Several methods have been presented for the detection of
dust storms based on thresholding a quantity calculated from
some of the 36 data bands provided by the Moderate Resolution Imaging Spectroradiometer (MODIS) satellite. One based
on the so called Normalised Difference Dust Index (NDDI) is
proposed to detect dust storms from cloud and non sandy ground
[1]. However, it does not give good results over sandy ground
such as the Sahara desert because the reflectance of strong dust
storms and clouds are similar in band 3. The brightness temperature (BT) of band 31 has been used in NDDI to enhance the detection of dust storm over a bright surface. However, this gives
limited results as the BT of thin dust storm and bright surface are
similar. Another method [4], used the Brightness Temperature
Difference (BTD) between bands 31 and 32 for the detection
of dust storms during both day and night in the North West of
China in 2006. However the use of BTD with zero thresholds
was not enough to prevent some clouds being falsely detected
as dust. For this reason the authors used an NDDI technique to
remove clouds during the day. However, NDDI is limited for
detection dust storm from low cloud as both have the same reflectance at bands 3 and 7. At the same time brightness temperatures greater than 263 K and less than 280 K were used to distinguish dust storms from clouds and land respectively during
night time using band 31. This study showed a very effective
detection of dust storms.
Neural Networks are widely used in many applications such
as data mining and classifying vegetation and other land cover
satellite data. Both a Maximum Likelihood classifier (ML) and
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a Probabilistic Neural Network (PNN) were used in the development in [14] of an automatic dust storm detection technique
trained and tested using a total of 31 dust storm events in the
United States. The data used were MODIS multispectral bands
from the NASA Terra satellite comprising brightness temperature pixel values from bands 20, 29, 31 and 32. This study found
the PNN to be much better than the ML for dust storm detection. The accuracy of detection of dust storms using PNN and
ML were 84% and 67% respectively.
The remainder of this paper is organized as follows. Section II briefly reviews MODIS data generally, the data used in
this study, analysis using the BTD (b23-b31) method for distinguishing dust storm and cloud from other surfaces, and the use
of a Feed-Forward Back Propagation Neural Network for dust
storms detection. Section III shows some results of the comparison between the implementation of Feed-Forward Back Propagation Neural Network and the recent Thermal Infrared Integrated Dust Index (TIIDI) [15] technique over the Sahara and
Gobi deserts. Section IV concludes this paper and discusses future work.
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TABLE I
THE IMAGE DATA USED IN THIS STUDY

II. METHOD AND ANALYSIS
The previous technique (TIIDI) using MODIS data for detection of dust storms over other deserts was tested using data
from the Sahara desert and was found to perform less effectively
than in its original region of application. Thus there is a need to
develop systems able to detect dust storms over different geographical regions of the Earth including the Saharan, American,
Australian and Gobi deserts. For such a system to be practically
useful it should run automatically in real-time.
A. Data
The Data used for the detection and monitoring of Dust
Storms in this paper are MODIS level1B data obtained from
the imaging Spectroradiometers that are consist on both the
Terra and Aqua satellites. Sensors on both satellites provide
36 channels divided into three groups according to resolution.
Bands 1 and 2 have 250 m spatial resolution, bands 3 to 7 have
500 m spatial resolution, and bands 8 to 36 have 1 km spatial
resolution. Furthermore, bands 1 to 19 and 26 are solar reflectance bands (SRBs) whereas the others are emissive bands.
The MODIS instruments provide one MODIS image every five
minute from both Terra and Aqua satellites [1], [4], [13].
The MODIS data listed in Table I, selected for investigation
in this study, were captured over different areas of the Sahara
desert by the Aqua and Terra satellites between 13th May 2005
and 10th June 2010 and between 9th November 2001 and 23rd
July 2010 respectively. The individual dates and times are listed
in Table I. The times of data used in this study ranged from
05:10 am to 13:55 pm. The first 41 rows of data referred to in
Table I have been classified by NASA Earth Observatory (http://
earthobservatory.nasa.gov/NaturalHazards/) as containing dust
storm images, while the last 9 rows were chosen by authors as
they were classified as not containing dust storm images. This
classification by the NASA Earth Observatory is done by the
visual inspection of the RGB images and the same method has
been used to choose dust images in this study.

B. Brightness Temperature Difference (BTD)
The efficiency of emission of thermal radiation compared
with a black body is listed in the MODIS UCSB Emissivity
Library (http://g.icess.ucsb.edu/modis/EMIS/html/em.html) at
different wavelengths for many different surfaces. Inspection of
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TABLE II
THE AVERAGE OF THE BRIGHTNESS TEMPERATURE OF WATER, LAND,
VEGETATION, DUST STORM AND CLOUD FOR EACH MODIS BAND

Fig. 1. Brightness temperatures of water, land, vegetation, dust storms and
cloud for bands 32, 31, 23, 22, 21, and 20.

the emissivities of sand and sandy soil shows that the emissivity
of Sand is higher than the emissivity of Sandy Soil 0.88 and
0.76 respectively at the centre of band 23 (4.06 m), whereas
the emissivities of Sand, Soil, and Sandy Soil in the centre
of band 31 (11.02 m) are similar at 0.96. For this work, the
authors assume that the emissivity of sandy soil is lower than
sand around 4 m in MODIS emissivity Library. This suggests
that the brightness temperature difference (between 4.06 m
and 11.02 m) could be useful for distinguishing a dust storm
from Sandy Soil. The average brightness temperatures (BT) in
a 100 100 pixel window of water, vegetation, cloud, land,
snow and dust storm for all MODIS bands, corresponding to
surface temperatures, for all 41 images listed in Table I have
been calculated and then displayed in charts. A representative
sample result for the image identified in row 8 (2006/02/24) of
Table I, is shown in Table II and Fig. 1. It was found that BTD
(b23-b32) and BTD (b23-b31) can both be used to distinguish
between dust storms and cloud and between dust storms and
ground surface. However, the BTD (b23-b31) is better, as it is
higher than BTD (b23-b32) for dust storms. The BTD between
bands 23 and 31 is also useful for detecting dust storm as, for
example, the BT of water in band 23 (285 K) is less than the BT
of water in band 31 (286 K), also the BT of vegetation in band
23 (295 K) is less than the BT of vegetation in band 31(296 K),
while the BT of land in band 23 (310 K) is slightly higher to
the BT of land in band 31(309 K), also the BT of cloud in band
23 (276 K) is higher than the BT of band 31 (271 K). While
the BT of dust storm in band 23 (298 K) is much higher than
the BT of dust storm in band 31 (287 K). For this reason the
BTD between band 23 and band 31 will give the values of BTD
of water and vegetation less than 0 K, land around 1 K, cloud
around 5 K,and dust storm around 11 K. This means that the
BTD (b23-b31) could separate dust storms and clouds easily
from water, land and sandy land making it more effective than
TIIDI.

Fig. 2. Illustration of the sampling of the five classes from the three band images and two BTD images from row 8 of Table I.

C. Feed-Forward Back Propagation Neural Network
Technique
The threshold method uses fixed value thresholds, but these
are different for weak or intense dust storms. For this reason
a feed-forward back propagation network based on MATLAB
has been used to classify pixels to detect dust storms from weak
to intense using data listed in Table I. The feature vector inputs
used for the neural network are pixel samples of dust storm,
land, cloud, water, and vegetation extracted from multi-spectral
MODIS bands 1, 3 and 4, the BTD (b23-b31) used in the previous subsection and the BTD (b31-b32) used in [4] as shown in
Fig. 2. MODIS bands 1, 4, and 3 correspond to the components
which can be used to construct true-color images showing white
for cloud and black for water. Sand and land are both shown
similarly as shades of brown and areas of vegetation are green.
The true-color images enable cloud, land, water, and vegetation
areas to be distinguished while the BTD between bands 23 and
31 is used to distinguish between dust storm and land and the
BTD between bands 31 and 32 is used to distinguish between
dust storm and cloud. The pixel classification performed here
divides the pixels in the remotely sensed images into a binary
dust or no-dust classification. There are three steps in this supervised classification:
1) Selection of the training samples for the five different objects of interest from the three bands and the two BTDs, as
illustrated in Fig. 2. Windowed regions of the same size
(50 50) were cropped from the six object types (dust
storm, snow, cloud, land, vegetation and water) in the five
images (band 1, band 3, band 4, BTD1 and BTD2). Each
window was then converted to one data vector and all
data vectors were collected in one matrix (135,000 5). A
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total of 135,000 data components extracted from 24 images
were used in this study for training and testing the neural
network. Table III shows sample rows of data that were
used for training and testing the Neural Network. Rows
1–3 correspond to the pixels from the “dust” class and rows
4–8 correspond to pixels from the “no-dust” class chosen
from pixels representing Cloud, Vegetation, Land, Water
and Snow respectively.
2) The pixel data were divided into two sets with 60% of
pixels data used for training the neural network and the
remaining 40% used for testing.
3) The performance of the neural network was evaluated
using manual detection of dust storms from the true-color
images because no other source of ground truth date is
available. This method of generating ground truth data
was also used by some of the authors mentioned in Section I. Eight performance metrics were used in this study:
True positive rate (TPR), False positive rate (FPR), True
negative rate (TNR), False negative rate (FNR), Accuracy
(ACC), Positive predictive value (PPV), Negative predictive value (NPV) and False discovery rate (FDR). These
are defined as follows [16].
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TABLE III
A SMALL SAMPLE OF THE DATA USED FOR TRAINING AND TESTING THE
NEURAL NETWORK. NUMBERS IN COLUMNS 1 TO 3 ARE REFLECTANCE
VALUES AND IN COLUMNS 4 AND 5 ARE BTD VALUES. THE CLASS VALUES
0.9 CORRESPOND TO DUST STORM AND 0.1 CORRESPOND TO REGIONS
CONTAINING NO DUST STORM, WHICH COULD BE CLOUD, VEGETATION,
LAND, WATER OR SNOW

TABLE IV
COMPARISON BETWEEN NEURAL NETWORK (ANN) METHOD AND TIIDI
TECHNIQUE APPLIED ON SAHARA DESERT USING EIGHT MEASURES: TRUE
POSITIVE RATE (TPR), FALSE POSITIVE RATE (FPR), TRUE NEGATIVE
RATE (TNR), FALSE NEGATIVE RATE (FNR), ACCURACY (ACC), POSITIVE
PREDICTIVE VALUE (PPV), NEGATIVE PREDICTIVE VALUE (NPV) AND FALSE
DETECTIVE RATE

(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(true positive) corresponds to the number of
Here
dust pixels detected as dust.
(true negative) corresponds to the number of non-dust pixels and detected as
non-dust.
(false positive) corresponds to the number
of non-dust pixels detected as dust.
(false negative) corresponds to the number of dust pixels detected as
non-dust. Sample results are shown in Table IV.
III. RESULTS
The Neural Network based approach was applied to MODIS
data from the Terra and Aqua satellites acquired over Africa
and listed in Table I. The performance of this approach was assessed using several standard measures, with ground truth data
as shown in Table IV. The Neural Network based approach was
compared with the TIIDI technique (applied by the authors) for
the detection of dust storms over bright surfaces, and was found

to be much better for detecting dust storms than in the latter as
shown in Table IV, the TPR values for both methods are the
same. However, the FPR from ANN is less than from TIIDI
and that means less cloud and sandy land were detected as dust
storm. Also the ACC from ANN is higher than from TIIDI. Furthermore, the FDR from ANN is less than from TIIDI, which
means that false detective values in ANN are fewer than from
TIIDI. Also, the ANN method was found to give better results
for FPR, ACC and FDR than the TIIDI method for Gobi desert
data as shown in Table V and in Fig. 4. Both ANN and TIIDI
methods can distinguish dust storms from cloud, water and vegetation surfaces. However, TIIDI is poorer at distinguishing between dust storms and sandy land.
A. Sahara Desert
After training, the neural network was able to detect dust
storms over parts of northern Africa, using the images listed in
Table I, with accuracies (as defined in (5)) ranging from 0.832
to 0.999 and an average accuracy of 0.937. Table IV shows the
detailed numerical results and corresponding averages for TPR,
FPR, TNR, FNR, ACC, PPV, NPV as well as FDR. It can be
seen in Table IV and Fig. 3 that the neural network approach
provides better performance compared to the TIIDI approach
using BTD between bands 23 and 31 for all cases, as indicated
by the FPR, ACC, PPV and FDR values. The lower FPR value
indicates that the system reduced the numbers of dust pixels that
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Fig. 3. (A) shows the dust storm over Sahara and Mediterranean Sea for image
row 8 in Table I, using the three true-color bands and (B) is the result of dust
storm detection using the trained Neural Network. (C) is the corresponding result from of the technique used in [15].

Fig. 4. 10 (A) is the true-color Aqua image of a dust storm over north China
used in TIIDI method; (B) is the result of dust storm detection using the neural
network; (C) is the corresponding result from of the TIIDI technique used in
[15].

TABLE V
COMPARISON BETWEEN NEURAL NETWORK (NN) METHOD AND TIIDI
TECHNIQUE APPLIED ON GOBI DESERT USING EIGHT MEASURES: TRUE
POSITIVE RATE (TPR), FALSE POSITIVE RATE (FPR), TRUE NEGATIVE
RATE (TNR), FALSE NEGATIVE RATE (FNR), ACCURACY (ACC), POSITIVE
PREDICTIVE VALUE (PPV) , NEGATIVE PREDICTIVE VALUE (NPV) AND FALSE
DETECTIVE RATE

using MODIS data from Terra and Aqua satellites. The Artificial
Neural Network binary classifier approach uses the reflectance
data of bands 1, 2 and 3, and Brightness Temperature Differences between bands 23 and 31 and between bands 31 and 32.
This approach gives better results than previous work (TIIDI),
as quantified by TPR, FPR, ACC and FDR values in both Tables IV and V, since dust storms can clearly be separated from
the high cloud, land, water, vegetation, snow, low cloud, and
cloud shadow. Furthermore, this ANN trained on Saharan data
can also detect dust storms over China. This new automated
method of using ANN for detecting dust storms could be used
for monitoring dust storms in order to help governments reduce
the negative impact of these storms. Previous works have limitation on detecting dust storms over sandy land and they do not
seem to perform well over different ground surfaces. We believe our ANN-based method increases the quality of detection
of dust storms. Furthermore, the ANN-based method can detect
dust storms over different ground surfaces. We found that the
average of correct classification index (ACC) for this method
is about 0.94 and 0.88 over the Sahara and Gobi deserts respectively. However, this method has limitation for detecting
dust storms over water and can not be used during night time.
Attempting to improve the classification accuracy further, future work will extend the Neural Network method by considering groups of pixels rather than individual pixels and add additional output classes including land, dust storm, vegetation,
water, snow and cloud instead of the binary classification dust
or no-dust. Also it will aim to include tracking of dust storms
using MODIS data.

were falsely detected as dust storm. The effectiveness of the
ANN approach for reducing the amount of cloud and shadow
falsely included with detected dust storm compared with the
TIIDI approach for the data is illustrated in Fig. 3. The neural
network also detects more of the dust storm over water than the
TIIDI method.
B. Gobi Desert
The neural network system trained only on the Saharan data
was further tested in the detection of dust storms over the Gobi
desert and Taklimakan desert. It was found that these too can
be detected, but with a somewhat less effective performance
than for the detection of dust storms over the Sahara desert, as
summarised in Table V for comparison with Table IV. However,
these results are better than in previous work, as illustrated in
Fig. 4, in which the two results can be compared.
This trained ANN has been further tested using all the dust
storm events that occurred worldwide in 2011 according to the
Earth Observatory (http://earthobservatory.nasa.gov/NaturalHazards/). Of the 96 dust storm events, only 6 were not detected
by the ANN and all of these represent very weak dust storms.
IV. CONCLUSIONS
In this study we demonstrate the application of a new approach for the detection of dust storms over northern Africa,
where the dust storms and land have similar characteristics,
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