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Abstract 

 

Extensive dust storms forming in arid areas adversely affect local inhabitants. 

It is well proven that constituents of dust storms such as salt, sulfur, and heavy 

metals cause serious respiratory diseases. Intense dust storms also shut down 

air and road traffic by reducing visibility or reduce crop yields by burial of 

agricultural fields under storm deposits. Despite the fact that the long-term 

characterization of dust storms is essential for providing any dust mitigation 

plan, until this study, it remained unclear in West Asia. In addition, this region 

undergoes significant degradation of agricultural fields, successive droughts, 

and the mismanagement of water resources. They all escalate desertification 

processes and, subsequently, expand the extent of dust-prone areas. Needless to 

say, because of this, the distribution of dust sources in West Asia needs to be 

reconsidered. The literature review also discloses that there were few attempts 

to forecast West Asian dust storms using locally evaluated model. Hence, this 

study aims to identify the long-term frequency of dust storms in West Asia, to 

designate the potential of dust emission at each grid point within the study area, 

known as dust source function, and to evaluate the performance of numerical 

models and Machine Learning Algorithms (MLAs) in the region.  

In order to study the long-term, coarse scale variations of dust storms in the 

region, Aerosol Index (AI), from the Total Ozone Mapping Spectrometer 

(TOMS) and Ozone Monitoring Instrument (OMI), is examined during 1980 

and 2014. Subsequently, Moderate Resolution images of Imaging 

Spectroradiometer (MODIS) Deep Blue (DB) Aerosol Optical Depth (AOD), 

from 2003 to 2014, is used to determine the severity of dust source points in a 

local scale. As expected, findings indicate that eastern deserts of Saudi Arabia 

embrace numerous dust sources which are emitting at least from 1980 onward. 

Further examinations have revealed that the northwest of Iraq is the main source 

of newly intensified dust storms entering western Iran and Persian Gulf 

countries since the beginning of the current century. 

At the second step, previously determined dust source function, called West 

Asia source function (WASF), has been compared with the Ginoux Source 

Function (GSF). The latter is the most commonly used dust source function in 
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dust models. The comparison of these source functions is done by implementing 

them in three dust schemes used for Weather Research and Forecasting model 

coupled with Chemistry (WRF-chem). Resulting predictions are also compared 

against the simulations of Monitoring Atmospheric Composition and Climate 

(MACC) and Dust Regional Atmospheric Model (DREAM). Findings show 

that WRF-chem performance is significantly improved (Spearman correlation 

coefficient (SCC) increased by 12–16 percent points) after the implementation 

of WASF. Modified run (with WASF) even outperformed MACC and DREAM 

over main dust sources.  

At the final step of the study, the performance of two deterministic dust models 

(DMs) and five MLAs is investigated to determine the most efficient dust 

model(s) in West Asia. Due to the lack of ground-based observations, monthly 

MODIS DB AOD is taken as the representative of the response variable, dust 

quantity. Six features including albedo, Dust Uplift Potential (DUP), 

Normalized Difference Vegetation Index (NDVI), soil moisture (SM), 

precipitation, and dust source function (SF) are selected to build MLAs using 

three types of Feature Selection Criteria (FSC). Results show that SF is a key 

feature for setting up MLAs and that MLAs, especially MARS and SVM 

outperformed  DMs. MLA simulations have SCC of ≥ 0.76 while it is lower 

than 0.65 for DMs which yield high prediction error and bias (RMSE ≥ 0.2 and 

bias > 2) over dust sources and affected areas, respectively. Both DMs and 

MLAs have underestimated DB AOD peaks which is mainly attributed to the 

infrequency of extreme values, omission of some unknown features, and/or 

remaining deficiencies in source function specification. The high bias of DM 

simulations over dust receptors is linked to their failure in resolving the effect 

of the Zagros Mountains which prevent the transportation of dust to the east of 

the study area.   
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Abstrakt 

Häufige Staubstürme in trockenen Gebieten beeinträchtigen die Lebensqualität der 

lokalen Bevölkerung. Es ist erwiesen, dass Bestandteile von Staubstürmen wie Salz, 

Schwefel und Schwermetalle zu schweren Atemwegserkrankungen führen. Starke 

Staubstürme können auch den Luft- und Straßenverkehr zum Erliegen bringen, 

indem sie die Sichtbarkeit verringern, und sie können Ernteerträge durch 

Staubablagerungen reduzieren. Trotz der Tatsache, dass die langfristige 

Charakterisierung von Staubstürmen für die Bereitstellung eines 

Staubminderungsplans unerlässlich ist, war sie bis zu dieser Studie in Westasien 

praktisch nicht vorhanden. Darüber hinaus verschlechtert sich in dieser Region die 

Qualität der landwirtschaftlichen Felder erheblich, auch wegen 

aufeinanderfolgenden Dürren und der Misswirtschaft der Wasserressourcen. Sie 

verstärken die Desertifikationsprozesse und vergrößern die Fläche der 

staubanfälligen Gebiete. Deshalb muss die Verteilung der Staubquellen in 

Westasien neu kartiert werden. Die Literaturübersicht offenbart auch, dass es kaum 

Versuche gab, westasiatische Staubstürme mit lokal evaluierten Modellen zu 

prognostizieren. Ziel dieser Studie ist es daher, die langfristige Häufigkeit von 

Staubstürmen in Westasien zu identifizieren, das Potenzial von Staubemissionen 

an jedem Gitterpunkt innerhalb des Untersuchungsgebiets, bekannt als 

Staubquellenfunktion, zu bestimmen und die Leistung von numerischen Modellen 

und Machine Learning Algorithmen (MLAs) in der Region einzuschätzen. 

Um die langfristigen, grobskaligen Variationen von Staubstürmen in der Region zu 

untersuchen, wird der so genannte Aerosol Index (AI) aus dem Total Ozone 

Mapping Spectrometer (TOMS) und dem Ozone Monitoring Instrument (OMI) 

aus den Jahren 1980 und 2014 untersucht .  Moderate Resolution Bilder von 

Imaging Spektroradiometer (MODIS) Deep Blue (DB) Aerosol optische Tiefe 

(AOD), von 2003 bis 2014, werden verwendet, um die Stärke der Staubquellen auf 

der lokalen Skala zu bestimmen. Wie erwartet, deuten die Ergebnisse darauf hin, 

dass die östlichen Wüsten Saudi Arabiens zahlreiche Staubquellen enthalten, die 

mindestens seit 1980 emittieren. Weitere Untersuchungen haben ergeben, dass der 

Nordwesten des Iraks seit Beginn des aktuellen Jahrhunderts eine neue 

Hauptquelle für verstärkte Staubstürme in den westlichen Iran und die Golfstaaten 

darstellt. 
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Im zweiten Schritt wurde die vorher festgelegte Staubquellenfunktion, die als 

West-Asien-Quellenfunktion (WASF) bezeichnet wird, mit der Ginoux-

Quellenfunktion (GSF) verglichen. Letztere ist die am häufigsten verwendete 

Staubquellenfunktion in Staubmodellen. Der Vergleich dieser Quellenfunktionen 

erfolgt durch Implementierung in drei Staubschemata, die für das 

Wetterforschungs- und Vorhersagemodell in Verbindung mit Chemie (WRF-

chem) verwendet werden. Die resultierenden Vorhersagen werden auch mit den 

Analysen des Monitoring Atmospheric Composition and Climate (MACC) 

Projekts und Vorhersagen mit dem Dust Regional Atmospheric Model (DREAM) 

verglichen. Die Ergebnisse zeigen, dass die WRF-Chem-Leistung nach der 

Implementierung von WASF signifikant verbessert wurde (der Spearman-

Korrelationskoeffizient (SCC) stieg um 12-16 Prozentpunkte). Ein modifizierter 

Lauf (mit WASF) übertraf MACC und DREAM sogar gegenüber den 

Hauptstaubquellen. 

Im letzten Schritt der Studie wird die Vorhersagequalität von zwei 

deterministischen Staubmodellen (DMs) und fünf MLAs untersucht, um das 

effizienteste Staubmodell (Modelle) in Westasien zu bestimmen. Aufgrund des 

Fehlens bodengebundener Beobachtungen wird die monatliche MODIS DB AOD 

als repräsentativ für den  Prädiktanden Staubmenge genommen. Sechs Merkmale 

wie Albedo, Staubanhebungspotenzial (Dust Uplift Potential DUP), 

Normalisierter Differentieller Vegetationsindex (NDVI), Bodenfeuchtigkeit (Soil 

Moisture SM), Niederschlag und Staubquellenfunktion (Source Function SF) 

werden ausgewählt, um MLAs mit drei Arten von Merkmalauswahlkriterien 

(Feature Selection Criteria FSC) zu erstellen . Die Ergebnisse zeigen, dass SF ein 

Schlüsselmerkmal für die Optimieung von MLAs ist und dass MLAs, insbesondere 

MARS und SVM, DMs übertreffen. MLA-Simulationen haben einen SCC von ≥ 

0,76, während sie für DMs niedriger als 0,65 sind, was einen hohen 

Vorhersagefehler und Bias (RMSE ≥ 0,2 und Bias> 2) über Staubquellen bzw. 

betroffenen Gebieten ergibt. Sowohl DMs als auch MLAs haben DB AOD-Peaks 

unterschätzt, was hauptsächlich auf die Seltenheit extremer Werte, das Fehlen 

einiger unbekannter Merkmale und / oder verbleibende Mängel in der 

Spezifikation der Quellenfunktion zurückzuführen ist. Der große systematische 

Fehler von DM-Simulationen über Staubrezeptoren hängt mit der Unterschätzung 
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der Wirkung des Zagros-Gebirges zusammen, das den Transport von Staub in den 

Osten des Untersuchungsgebiets großteils verhindert. 
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Preface 

 

The abrupt increase of dust storms in West Asia is the main motivation of 

current research work. It tries to investigate this phenomenon from three 

different aspects: the description of dust storms behavior during last decades, 

the illustration of possible changes in the severity and extent of dust sources and 

the identification of most efficient dust modeling system. After the preparation 

and official approval of proposal between March 2013 and December 2014, 

Ph.D. candidate joined Prof. Dr. Leopold Haimberger’s research group from 

January 2015. Since then, various types of remotely sensed datasets, ground-

based observations, and dust models were used to answer aforementioned 

problems. The main outcomes of this attempt are three peer-reviewed papers, 

namely “Climatology of dust distribution over West Asia from 

homogenized remote sensing data”, “Sensitivity of WRF-chem predictions 

to dust source function specification in West Asia”, and “Prediction of 

Aerosol Optical Depth in West Asia using Dust Models and Machine 

Learning Algorithms”.  These studies were financially supported by the EU 

7th framework program ERA-CLIM (No. 265229) and the Austrian Science 

Funds FWF (Projects P25260-N29). 

I hereby declare that I have written this PhD thesis using only resources stated. 

Whenever a source is cited after the last full stop in a paragraph the citation 

concerns the whole paragraph (besides the other sources cited therein). 
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1 Objectives and research questions  
Dust storms are known as a natural phenomenon through which eroded soil 

particles may be lifted to a very high altitude and be transported over long 

distances. The disastrous consequences of dust storms in West Asia necessitate 

the investigation of the dust cycle at a climatology time scale. However, the lack 

of ground-based observations, particularly in Iraq and Syria, have hindered the 

regular monitoring and characterization of dust events. In spite of some 

limitations, remote sensing techniques provide an unprecedented capability to 

study the frequency and origins of dust clouds on a daily basis since the 1980s. 

In addition, dust modeling systems are widely being used to complement 

remotely sensed datasets by the 3D simulation of past events (hindcast) and to 

assist mitigation plans by the prediction of forthcoming dust storms (forecast).  

Hence, this study uses long dust-related records from different satellite 

platforms and sensors to provide a clearer picture of the spatio-temporal 

distribution of dust storms in West Asia during past decades. Subsequently, the 

most currently used numerical dust models are compared with new statistical 

counterparts to identify the most efficient strategy for dust forecast in the region.        

The first part (I) of this thesis discusses existing studies regarding 1- the 

application of remote sensing datasets in the long-term characterization of dust 

storms in West Asia, 2- the most commonly used methods for the specification 

of dust source function (SF), and 3- the prediction (estimation) of dust using 

numerical dust models (DMs) and machine learning algorithms (MLAs). These 

studies are then summarized to provide an outline of state of the art research 

gaps which explain the necessity of presented study. They also lay the path for 

forming research questions and hypotheses. At the end of this part, materials 

and methods that are applied to reach research goals are discussed. In Part II, 

three peer-reviewed articles, building the core of this dissertation, elucidate the 

main research activities. The formatting of the corresponding journals is 

maintained. Part III finally presents results in a synthesis and provides an 

outlook. 
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1.1 Introduction 

Dust storms result from turbulent winds which raise large quantities of dust 

particles into the atmosphere and reduce visibility to less than 1000 m 

(McTainsh and Pitblado, 1987). With respect to the severity of dust entrainment, 

the extent of affected area, and characteristics of dust-laden atmospheric 

circulations, this phenomenon can be also called blowing dust (Novlan, 2007), dust 

haze (Adefolalu, 1984), dust devil (Lorenz et al., 2016), and Haboob (Vukovic et 

al., 2014). Blowing dust can cause a significant decrease in visibility but not as 

intense as a dust storm. Dust haze consists of very tiny suspended particles left from 

a passing dust storm. Dust devil results from atmospheric instability over strongly 

heated surfaces in local scale. It appears as a column of dust with a length between 

30 m and 300 m. The Haboob is the result of descending cold air in front of 

thunderstorms which form dense clouds of dust in a larger scale comparing to a 

dust devil. Not to be confused with a dust storm, a sandstorm occurs when sand-

sized particles are lifted to low altitudes by very strong winds and fall out of the air 

faster than finer particles of a dust storm  (Ahrens, 2011, Goudie and Middleton, 

2006). In this study, all aforementioned phenomena are considered as dust storm 

since they are not differentiable in regional scale through existing instruments.  

The initiation of soil particle movement, the minimum wind velocity needed for 

erosion (erosion threshold), depends on the surface properties including soil 

texture and moisture and surface roughness (Ginoux et al., 2001). As wind 

velocity exceeds the erosion threshold soil particles are transported in three 

physical regimes: suspension (< ~70 μm diameter), saltation (~70 – 500 μm 

diameter), and creep (> ~500 μm diameter) (Kok et al., 2012). Large erodible 

particles are first to be moved (creeping) and/or ejected from the surface. Lifted 

particles (~70 – 500 μm diameter) follow a ballistic trajectory (saltation) and 

cause the saltation bombardment of the surface downwind and ejection of new 

particles. In fact, aerodynamic forces are mostly not strong enough to overcome 

interparticle cohesive forces and to induce direct entrainment of soil particles. 

Instead, sandblasting hit the surface and eject soil particles with a wide range of 

sizes that follow a similar saltating motion or remain in the atmosphere up to 

several weeks (Bagnold, 2012, Kok et al., 2012, Marticorena, 2014, Shao, 2008, 

UNCCD, 2001).  
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Dust storms mainly form over regions which undergo intense desertification caused 

by climate change and human activities (Kadomura, 2009). Reciprocally, dust can 

intensify desertification through soil erosion and transport known as land 

degradation (Middleton and Kang, 2017). Seasonal, local dust storms are known 

as typical events in West Asia (Shao et al., 2011b). They can be seen throughout 

the region especially over alluvial plains in Syria and Iraq. High-speed Shamal 

winds, with northwest-southeast direction, increase the intensity of these dust 

storms during summer months that used to affect only the downwind transport 

regions in the southeast of Iraq and Kuwait. The simultaneous increase of dust 

cases and the expansion of affected areas to Iran and the Persian Gulf countries 

have recently raised the attention of scientist (Azizi et al., 2012, Boloorani et 

al., 2013). The concentration of dust storms entering Iran is so severe that 

Ahwaz, located in the southwest of Iran, was announced as the most air-polluted 

city in the world in 2011 (Time Magazine, 2011). Interestingly, three other cities 

in western Iran including; Sanandaj, Kermanshah, and Yasuj have been also 

named in the list of 10 most air-polluted cities of this year (Figure 1). 

 

Figure 1 dust storm formed in Iraq and Syria is heading western Iran on 10/06/ 2013. Dust image 

is acquired from MODIS and is stacked in Google Earth.  

Regarding the purposes of this study, the research background will be discussed 

in the next subsection from three different perspectives including 1. Long-term 

spatio-temporal characteristics of dust storms, 2- the specification of dust source 

function (map) in regional and global scales, and 3- the prediction of dust storms 

using DMs and MLAs.   
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1.1.1  Review of studies related to long-term spatio-temporal characterizations 

of dust storms  

As expected, the long-term study of dust storms requires having access to long-

recorded dust measurements. Furman (2003) tried to characterize dust events in 

the Middle East, using meteorological visibility data. The results indicated that 

the stations in the southwest of Iran, the north of Saudi Arabia, and Persian Gulf 

countries have recorded most dust events in the summertime during 1973 to 

1993. Using data from synoptic stations, Azizi et al. (2012) investigated dust 

events in the southwest of Iran and concluded that they have increased within 

two periods of 1982 and 1990, and 2005 and 2008 in warm months. Because of 

data limitations such as data gaps, human errors in recording data, and more 

importantly poor distribution of weather stations especially in desert areas, 

ground-based measurements are mostly used for verification. Meanwhile, 

remote sensing tools and techniques potentially provide an unprecedented 

capability to capture the spatio–temporal distribution of dust storms. Many 

algorithms have been developed to detect dust particles from other atmospheric 

phenomena and ground surface features. Due to the strong absorption of 

Ultraviolet (UV) radiance by dust and, conversely, low ground surface 

reflectivity in this spectral region, an Aerosol Index (AI) has first been defined 

by Torres et al. (1998) for Total Ozone Mapping Spectrometer (TOMS) and 

Ozone Monitoring Instrument (OMI) UV radiances. TOMS-OMI AI has 

provided the longest global measurement of aerosols from 1979 to the present. 

Using this dataset, Prospero et al. (2002) have determined topographic 

depressions, like Mesopotamia, as the main source of dust storms. Even though 

researchers can benefit from the appropriate time coverage of the AI database, 

it cannot be used in recognizing local sources due to its unfavorable spatial 

resolution (1.0 ° x 1.0 °). Failing to detect dust particles in the lower 

atmospheric layers, being unable to discriminate dust particles from other 

aerosols, being contaminated by cloud covers and having sensitivity to aerosol 

layer height are known as other weaknesses of AI (Goudie and Middleton, 2006, 

Washington et al., 2003). The Moderate Resolution Imaging Spectroradiometer 

(MODIS) instrument, which started operating on the Terra and Aqua platforms 

from 1999 and 2002, respectively, could resolve most of the aforementioned 

deficiencies by having 36 spectral bands and high spatial resolution of 250 - 
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1000 meters. Numerous dust studies have been conducted based on MODIS 

data (Bullard et al., 2008, Hao and Qu, 2007, Qu et al., 2006, Thorsteinsson et 

al., 2011, Zhang and Reid, 2010). Hsu et al. (2004) implemented Deep Blue 

(DB) Aerosol Optical Depth (AOD) algorithm on MODIS images which is not 

only insensitive to dust layer height but also able to detect dust cloud over a 

bright surface, e.g., desert areas, at a high resolution of 10 km. Using MODIS 

DB AOD, Ginoux et al. (2012) have tried to distinguish dust particles from other 

types of aerosols, examine the global dust frequency, and identify dust sources. 

Results show that dust activities in the east of Iran have been profoundly 

influenced by annual water stream fluctuations, whereas newly intensified dust 

plumes of Iraq mostly form in desert areas, called natural dust sources. Besides 

MODIS, DB AOD data at 550 nm can also be acquired from measurements of 

Sea-viewing Wide Field-of-view Sensor (SeaWiFS). These data are accessible 

in two resolutions of 0.5 ° and 1° from 1998 to 2010. Hsu et al. (2012) have 

used this dataset to identify distribution and trends of aerosols in global and 

regional scales. Results show strong relationships between Saharan dust export 

as well as biomass-burning activity in the tropics with climate indices such as 

El Niño Southern Oscillation (ENSO).  

In spite of recent improvements of remote sensing techniques in the long-term 

retrieval of dust-related information, the literature disclosed that existing 

research focusing on West Asia have used satellite data only for case studies 

(Abdi Vishkaee et al., 2012, Ashrafi et al., 2014, Boloorani et al., 2014, Samadi 

et al., 2014). In fact, the comprehensive characterization of dust storms in the 

region requires the combined application of the discussed datasets over a long 

period.  

1.1.2 Review of studies related to the specification of the dust source function 

Dust storms mostly form in arid and semi-arid areas where dry soil, sparse 

vegetation, high-speed winds and erodible sediments favor dust emission. 

However, a quantitative calculation of dust emission has always been a 

challenge (Bullard et al., 2011, Cao et al., 2015, Koven and Fung, 2008, Lee et 

al., 2009, Walker et al., 2009). Ginoux et al. (2001) prepared a topography-

based global dust source function (SF) (Equation 1), which will be referred to 

as "Ginoux source function (GSF)" in this research.  
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Equation 1:                                    𝑆 = (
𝑍𝑚𝑎𝑥−𝑍𝑖

𝑍𝑚𝑎𝑥−𝑍𝑚𝑖𝑛
)5 

S is the probability value assigned to pixel 𝑖 to have accumulated sediments at 

altitude 𝑍𝑖 , where  𝑍𝑖  is normalized in proportion to maximum  𝑍𝑚𝑎𝑥  and 

minimum 𝑍𝑚𝑖𝑛 altitudes over a surrounding area of 10 ° x 10 °. Kumar et al. 

(2014) noted that the calculation of S requires dense observations of alluvium 

within the field. Due to the lack of data, S is indirectly assessed based on 

topographic features. GSF has been first implemented in the Goddard 

Chemistry Aerosol Radiation and Transport (GOCART) aerosol model, and has 

been applied to bare soil surfaces (Cavazos-Guerra and Todd, 2012). Bare 

surfaces were designated based on land cover data from the advanced very high-

resolution radiometer (AVHRR) (DeFries and Townshend, 1994). Kim et al. 

(2013) argued that a static land cover does not reflect annual and seasonal 

variations of soil bareness. Therefore, they used 15-day normalized difference 

vegetation index (NDVI) from AVHRR and prepared a dynamic bareness map 

(NDVI < 0.15) and, consequently, a dynamic SF. Results show significant 

improvements in GOCART simulations over regions with seasonally changing 

soil bareness. However, further examinations indicated that the progress is 

rather small in a global perspective. It is attributed to the small contribution 

(12 %) of these regions to global dust emission. There are only small seasonal 

changes of soil bareness over West Asia and thus this modification does not 

cause significant changes in values of GSF in the region. Ginoux et al. (2012) 

proposed a new algorithm for SF determination in which elevation quantities 

are replaced with the MODIS DB AOD. Considering physical and optical 

properties of aerosols, authors extracted dust optical depth (DOD) from 2003 to 

2009. Frequency of Occurrence (FoO) of DOD > 0.2 was used as a criterion for 

the determination of dust sources. According to findings of several studies 

(Boloorani et al., 2013, Cao et al., 2015, Moridnejad et al., 2015b), this new SF 

erroneously allocate high values of erodibility to a vast boundary region 

between Iraq and Saudi Arabia. Parajuli et al. (2014) have prepared the most 

recent global SF by normalizing the Spearman correlation coefficient (SCC) 

between monthly wind speed at 10 m and DB AOD, both with the resolution of 

1 degree. Considering that wind speed and dust concentration are very dynamic 
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and resolution dependent, the analysis of rough spatial resolution data on a 

monthly basis does not seem robust enough to represent the instantaneous 

conditions along with dust events. Moreover, using correlation coefficient for 

dust source determination has led to unacceptable results over non-erodible 

areas such as western Iran. That is, the region of the Zagros Mountains which 

cannot have any contribution to dust emission (Gerivani et al., 2011), but it is 

attributed with erodibility values comparable with desert areas in the east of 

Saudi Arabia. In other words, this method leaves some values everywhere even 

if it is made of non-erodible lands.  

The review of aforementioned studies shows that GSF, as the mostly used 

source function in dust forecast, needs to be updated since it is proposed when 

we did not have access to such long-term, free available satellite observations 

of dust activity as we have today. Considering the fact that other discussed 

studies failed to provide a realistic picture of dust sources in West Asia, it is 

necessary to use the knowledge about the long-term spatial distribution of dust 

storms for the preparation of a more accurate dust source function for the region 

in the second step. 

1.1.3 Review of studies related to the forecast of dust storms 

Dust storms are classically forecasted by deterministic dust models (DMs) 

which contain concentrations of at least one aerosol species as prognostic 

variables (Basart et al., 2012, Kumar et al., 2014, Liu et al., 2007, Marticorena 

and Bergametti, 1995). For short-range operational forecasts where there is 

nearly complete theoretical knowledge about the nature of the relationships 

between prognostic variables and boundary conditions, they are quite useful. 

However, they still have difficulties reproducing dust-related observables such 

as DB AOD on a monthly time scale because of limitations both in model 

formulation and observation operators. For predicting monthly means of AOD 

based on predictors available for the same months, the relationships between 

response and explanatory variables are less well known. However, they have 

been monitored through a significant number of observations. For such 

situations MLAs have shown a promising performance in solving engineering 

problems for more than three decades (Abbasi et al., 2014, Carbonell et al., 

1983, Cortes and Vapnik, 1995, Hempel et al., 2012, Kotsiantis et al., 2007, 



 

22 

 

LeCun et al., 2015). MLAs are already frequently used for the prediction of air 

quality of urban areas (Taheri Shahraiyni and Sodoudi, 2016) and have also 

been applied to the adjustment of satellite AOD (Albayrak et al., 2013, Hyer et 

al., 2011) to have a better fit to ground-based observations. However, to the best 

of our knowledge, there are only a few scientific attempts to predict AOD over 

a whole West Asia through MLAs. Using Multiple Linear Regression (MLR), 

Klingmüller et al. (2016) modeled AOD, as the representative of dust 

concentration, in a coarse resolution of 2 degrees. Yu et al. (2015) used a similar 

technique for the seasonal prediction of dust storms in Saudi Arabia. The 

temporal correlation of 0.7 and 0.74 are achieved for summer and spring, 

respectively. Kaboodvandpour et al. (2015) have compared the performance of 

MLR in dust prediction with Artificial Neural Networks (ANN), and Adaptive 

Neuro-Fuzzy Inference System (ANFIS). They have chosen PM10 > 200 μg m-

3 at Sanandaj station (dust receptor in Iran) as the indicator of dust occurrence 

(response variable). Results show that ANN and ANFIS have yielded the 

highest agreement (the highest R2 = 0.86) and the highest consistency (the 

lowest Root Mean Squared Error (RMSE) = 0.07) with observations, 

respectively, whereas MLR has performed poorly (R2 = 0.416 and RMSE = 

0.0965). 

To sum up, the literature left significant gaps in the high-resolution prediction 

of dust quantity through MLAs over whole study area and disregarded inter and 

cross-comparison of MLAs and DMs over a long-term period.    

1.2 Research questions and hypotheses  

Against the background of long-term characteristics of dust storms, dust source 

specification, and dust forecast, this study pursues three major aims including 

1- the improvement of the knowledge about the long-term spatio-temporal 

distribution of West Asian dust storms using remotely sensed datasets, 2- The 

preparation of a local SF providing a more realistic distribution of dust sources 

in the study area, and 3- the development of a local dust model which has higher 

spatial and temporal resolutions than those described in literature. To fulfill 

study purposes, three major research questions and corresponding hypotheses 

should be addressed: 
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1. What are the spatio-temporal characteristics of dust activity in West 

Asia during recent decades?  

The possibility of access to long records of dust quantity, the recent 

improvements in dust retrieval algorithms, and the significant advancement of 

the computational power have provided an unprecedented opportunity to study 

dust storms in finer spatial and temporal resolution than literature at a 

climatology time scale. This leads to the first hypothesis: 

Hypothesis 1: the combination of remote sensing products such as TOMS-

OMI AI and MODIS DB AOD help to identify the long-term 

characterizations of dust storms in West Asia. Research findings will 

indicate a significant increase in dust occurrence during the last decade. 

Considering the recent upsurge of dust storms, numerous dust source points 

are newly formed in the study area.   

2. Does a remote sensing-based SF provide a realistic distribution of dust 

sources in the study area? Does it outperform topography-based 

counterpart?  

The accurate determination of dust sources is not only critical for finding hot 

spots where dust mitigation programs are mainly planned for, but it provides 

more accurate dust emission susceptibility needed for dust forecast. 

Hypothesis 2: Existing source functions, specifically GSF, do not provide 

a realistic distribution of dust sources in West Asia. Instead, the potential of 

dust emission can be quantified through the analysis of dust frequency 

detected by remotely sensed observations. The implementation of more 

realistic SF can improve the prediction accuracy of dust models.  

3. What is the best approach to be adopted for dust prediction on the 

monthly time scale in the study area?   

While DMs are mainly used for dust prediction, the applicability of MLAs is 

not fully examined yet. Particularly the dust prediction on monthly time scales, 

which contains many uncertainties that are not so well represented in DMs, 

Machine Learning Algorithms seem viable and cost-effective alternatives. In 

addition, there is a lack of comparative studies evaluating the performance of 

DMs and MLAs.  

Hypothesis 3: The promising performance of MLAs in engineering 

problems can be also achieved in dust prediction. Considering the fact that, 
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here, MLAs are not elaborated and their standard settings are applied (e.g. 

Gaussian kernel for SVM or linear regression as the output-layer function 

of ANN) MLAs do not outperform DMs at this stage.   

2 Materials and methods   

This section briefly presents the study area and introduces the data and methods 

used to test the hypotheses.  Long-term satellite time series with different spatial 

resolutions are combined with ground-based observations to characterize the 

spatio-temporal distribution of dust storms (research question 1). Remotely 

sensed datasets and the Weather Research and Forecasting model coupled with 

Chemistry (WRF-chem) are used to specify a new SF for the study area 

(research question 2). Seven state of the art DMs (2 models) and MLAs (5 

models) are compared over West Asia for a sizeable period of eight years to 

determine the most efficient local dust model(s) (research question 3). Data and 

methods are explained in detail in part II in the corresponding manuscripts.  

2.1 Study Area  

The present study is conducted in West Asia where has numerous dust source 

points (Fig. 1). They are mainly located in Tigris-Euphrates alluvial plains in 

Iraq and Kuwait, the low-lying flatlands along the Persian Gulf and the Ad 

Dahna and the Rubal Khali deserts, the Oman coastal area, the Great Salt Desert 

in the basin to the south of Alborz mountains, Seistan Basin and Registan 

bordering Iran, Afghanistan and Pakistan, and Makran coastal area (Shao et al., 

2011b). Because of the direction of prevailing winds (west to east), this study 

focuses on dust frequency over source area of Iraq, Syria and Saudi Arabia 

(western half of the study area). 

2.2 Research data  

The research described here require the application of datasets from different 

sources. The following data are not discussed with the regard to their 

precedence of use in the study but to sources they are acquired from including 

1- ground-based observations 2- satellite imagery 3- model forecast and 

reanalysis.  
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2.2.1 Ground-based observations 

Three datasets including present weather codes (the first and second 

manuscripts), ground-based AOD at 0.55um (used in all three manuscripts), and 

monthly precipitation (the third manuscript) are acquired from/based on 

ground-based observations. It is also worth mentioning that the Standardised 

Precipitation-Evapotranspiration Index (SPEI) used in the third manuscript is 

calculated mainly based on ground-based records of precipitation, acquired 

from Climatic Research Unit (CRU). However, because this index is only used 

for the preliminary examinations (not for building the final dust models), it is 

not described here. Further information about this index can be found on 

http://spei.csic.es/index.html.      

 Present weather codes from manned synoptic stations: 

Visibility is known as the most relevant information of weather stations to dust 

quantity. It is defined as a measure of the distance at which a landmark at, say, 

1 km, 2 km, and 10 km can be clearly discerned. In the most stations of the 

study area, meteorological visibility is estimated by the human observer which 

degrade the quality of reports. As such, author decided not to use values of 

visibility but their simultaneous present weather codes which represent certain 

atmospheric phenomena. Weather codes are read out via given descriptions for 

each. In this case, numbers between 6 and 9 and 30 and 35 are assigned to 

different intensity and occurrence time of dust and sandstorms. The code 98 is 

also representative of the occurrence of dust-laden thunderstorms (Takemi and 

Seino, 2005). Here the occurrence of any one of aforementioned codes is taken 

as the indicator of dust outbreak. Distribution of weather stations whose 

visibility data are used is presented in figures 7 and 3 of first and second 

manuscripts, respectively.    

 Ground-based AOD from AERONET stations: 

AERONET, an acronym for AErosol RObotic NETwork, is a ground-based 

standardized automatic sun/sky-photometer network (Eck et al., 1999, Holben 

et al., 1998). AERONET collaboration aims to provide properties of aerosols as 

well as water vapor content. Sun–photometers (with a field of view of 1.2 

degree) retrieve aerosol optical depth at all of the following wavelengths: 0.34, 

0.38, 0.44, 0.50, 0.67, 0.87, 1.02, and 1.64um. Here interpolated AOD at 

0.55um with a quality level of 2 (cloud–screened and quality-assured) is used. 
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The uncertainty of the AERONET AOD is spectrally dependent, with higher 

errors in the UV (<0.44um), and is typically between ±0.010 and ±0.02 under 

cloud-free conditions (García et al., 2008, Tan et al., 2015). In spite of the 

significant accuracy of AERONET AOD, the sparse distribution of AERNOET 

stations (Fig. 7, first manuscript) and, in some cases, short monitoring period 

limit this product to used only for the validation of satellite data (Bibi et al., 

2015) and verification of model forecasts (Ginoux et al., 2001).  

 Monthly precipitation from GPCC: 

The Global Precipitation Climatology Centre (GPCC) provides gridded gauge-

analysis monthly precipitation for a period between 1901 and 2013 (Rudolf et 

al., 1994, Rudolf and Schneider, 2005). The GPCC monthly precipitation is 

collected from quality-controlled data of 75,000 stations over land, with 

monitoring durations of 10 years or longer. This product is updated on monthly 

basis using global data acquired via the Global Telecommunication System of 

the World Weather Watch (GTS) of the World Meteorological Organization 

(WMO). GPCC provides the monthly totals on a regular grid with a spatial 

resolution of 0.5 (used in this study), 1.0, and 2.5 degrees latitude by longitude 

(Schneider et al., 2011). “Full Data Reanalysis Version 7” used here is known 

as the most accurate dataset of GPCC. However, systematic measuring error 

and stochastic sampling error may decrease the validity of the data. For 

example, the latter can cause the relative errors between +/- 7% and 40% of the 

true area-mean (Rudolf et al., 1994). 

2.2.2 Satellite imagery 

In this study, three dust-related satellite products including Aerosol Index (AI, 

the first manuscript), standard AOD (the second manuscript), and DB AOD (all 

manuscripts) are utilized to explain the long-term behavior, main sources, and 

formation process of dust storms in West Asia. In addition, remotely sensed soil 

moisture and vegetation cover datasets are used for dust modeling in the third 

manuscript.  

 AI from TOMS and OMI: 

As written by Nabavi et al. (2016), TOMS-OMI AI is known as the longest 

aerosol records from 1979 to present. TOMS installed on Nimbus 7 recorded 

data from 1979 to 1993 with a spatial resolution of 1 × 1.25 degrees. After a 4-
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year cessation, it continued data gathering on the Earth Probe platform until the 

end of its operation in 2005. With one-year data overlap, OMI has provided AI 

in the resolution of 0.25 degrees from 2005 to present. In this study, TOMS-like 

OMI AI, named OMTO3d_V003, in 1-degree resolution, was used to have a 

more consistent dataset. The accuracy and precision of the OMTO3d_V003 are 

similar to the legacy TOMS data, except over cloudy areas where 

OMTO3d_V003 data is more accurate than that of the TOMS (Ahmad et al., 

2004, Vasilkov et al., 2008). AI positive values are representative of mineral 

dust, smoke and volcanic aerosols (Ahmad et al., 2006). While the TOMS-OMI 

AI seems ideal for climatological studies, Mahowald and Dufresne (2004) have 

pointed out that AI is sensitive to dust layer height. That is, higher dust clouds 

lead to higher, exaggerated, AI values over desert areas and during warm 

periods of the year whereas dust quantity (AI) is underestimated over cooler 

periods and areas. 

 AOD from MISR and CALIPSO 

Aerosol Optical Depth (AOD), which is also referred to as aerosol optical 

thickness (AOT), is known as the measure of aerosol quantity including dust. It 

represents the amount of light scattered or absorbed by aerosols in a column 

through the atmosphere; vertically-integrated aerosol extinction coefficient (Li 

et al., 2016). AOD, commonly reported at 550 nm, < 0.1 is the indicator of a 

crystal clear sky whereas high values of AOD (> 3) indicate the presence of 

very thick aerosols clouds.  

Multi-angle Imaging SpectroRadiometer (MISR) is one of operating NASA's 

Earth Observing System (EOS) instruments which observes the Earth through 

four spectral bands, 0.446, 0.558, 0.672, and 0.866um at nine discrete view 

angles. MISR's 36 data channels (4 spectral bands x 9 view angles) allow 

retrieving unique information about aerosols (i.e. different aerosol particle 

types) comparing to other EOS instruments (Kahn et al., 2010, Kahn et al., 

2005). The repeat coverage of the common swath (at least 360 km) of all nine 

cameras is 9 days at the equator, and 2 days at poles. Although the multi-angle 

view of MISR, on Terra platform, could provide valuable information for the 

retrieval of dust particles over bright surfaces, its lower sampling is known as a 

drawback to measuring the short-scale variability of dust events (Li et al., 2015). 
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Hence, daily MISR AOD 550nm (MIL3DAE v4), with a resolution of 0.5° by 

0.5°, is used only for the validation of model forecasts (second manuscript).  

In this study, the need to evaluate model simulations of the vertical profile of 

dust is address by the use of aerosol extinction coefficient from Cloud-Aerosol 

LIDAR and Infrared Pathfinder Satellite Observations (CALIPSO). CALIPSO 

payload is launched in April 2006. It is equipped with three-channel (8.65, 10.6 

and 12.05 microns) Infrared Imaging Radiometer (IIR), visible channel Wide 

Field Camera (WFC), and polarization-sensitive, two-wavelength lidar 

(CALIOP). CALIOP provides profile information of aerosols during daytime 

and nighttime at two wavelengths; 532 and 1064 nm (Thorsen et al., 2011). The 

CALIOP measurements are generally degraded during daytime due to sunlight 

contamination (Adams et al., 2012, Sun et al., 2016).  Therefore, it is decided 

to use only nighttime profiles of extinction coefficients (at 532nm). This product 

is accessible at vertical and horizontal resolutions of 60 m and 5 km, 

respectively, and with a revisit time of 16 days from 2006 to 2016 (Adams et 

al., 2012, Ma et al., 2013).  

 DB AOD from MODIS and SeaWiFS 

Considering the fact that retrieving dust particles over bright surfaces has been 

always challenging problem ever since the applications of satellite remote 

sensing (Liou and Chou, 2008), Hsu et al. (2004) implemented DB AOD 

algorithm on MODIS images, at a high resolution of 10 km (Sayer et al., 2014). 

This algorithm makes use of the 412 nm band, which sometimes is referred to 

as “deep blue” band, for the clear discrimination of aerosols signals (bright at 

deep blue) and the surface signals (dark at deep blue). MODIS, the first satellite 

imagery freely available to the public, is a key instrument onboard EOS Terra 

(launched December 1999) and Aqua (launched May 2002) satellites. The orbit 

of Terra and Aqua is timed so that the former, formally called EOS AM-1, goes 

from north to south across the equator in the morning and the latter, formally 

called EOS PM-1, passes south to north over the equator in the afternoon. This 

would result in the coverage of the entire Earth's surface every 1 to 2 days. The 

spatial resolution of MODIS (pixel size at nadir) is 250 m for channel 1 and 2 

(0.6 µm - 0.9 µm), 500m for channel 3 to 7 (0.4 µm - 2.1 µm), and 1000 m for 

channel 8 to 36 (0.4 µm - 14.4 µm).  
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Sea-Viewing Wide Field-of-View Sensor (SeaWiFS), onboard OrbView-2, also 

provide needed measurements for the calculation of DB AOD. SeaWiFS, 

launched on August 1, 1997, provides eight spectral bands in the visible/near-

infrared (VNIR) regions. SeaWiFS imagery is stored at an original spatial 

resolution of 1 km and its daily DB AOD is publically accessible in two 

resolutions of 0.5 ° (used here) and 1 ° from 1998 to 2010.  

It has been shown that MODIS and SeaWiFS DB AOD have an uncertainty 

(one-standard-deviation confidence interval) of ±(0.03+20 %) and 

±(0.05+20 %), respectively (Sayer et al., 2012, Sayer et al., 2013). 

 NDVI from AVHRR 

In the third manuscript, the normalized difference vegetation index (NDVI) 

dataset, produced under the framework of the the Global Inventory Modeling 

and Mapping Studies (GIMMS) project, called NDVI3g (Tucker et al., 2005), 

is used to consider vegetation cover changes in the study area. Several 

corrections have been implemented to reduce deleterious effects of calibration 

loss, orbit drift, and volcanic eruption on NDVI retrieval (Chang et al., 2016, 

Tucker et al., 2005). NDVI3g has been derived from 15-day maximum NDVI 

values of AVHRR sensor mounted on NOAA 7 to 18 satellites. It has spatial 

and temporal resolutions of 8km and bimonthly, respectively, and accessible 

dataset covers the time period from July 1981 to December 2015 (Pinzon and 

Tucker, 2014).  

 Soil moisture from ESA-CCI program 

The Climate Change Initiative (CCI) soil moisture is part of the European Space 

Agency (ESA) Climate Initiative program for providing Essential Climate 

Variables (ECV) (Liu et al., 2012, Liu et al., 2011, Wagner et al., 2012). It aims 

to address the needs of climate research community to long-term consistent soil 

moisture time series (Haas et al., 2013). This program, initiated in 2010, has 

provided daily surface soil moisture based on active and passive microwave 

sensors including C-band scatterometer data (ERS-1/2 scatterometer, METOP 

Advanced Scatterometer) and multi-frequency radiometer data (SMMR, SSM/I, 

TMI, AMSR-E, Windsat, AMSR2) during 1979 to 2014. In this study, the 

COMBINED dataset (CCI SM v02.2) which has a grid resolution of 0.25 degree 

is used.  
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2.2.3 Model forecast and reanalysis 

Three quite different state of the art dust modeling systems including WRF-

chem, Monitoring Atmospheric Composition and Climate (MACC), and Dust 

Regional Atmospheric Model (DREAM) are used to get fields of daily modelled 

AOD and dust optical depth (DOD) for summertime (Jun, July, and August) of 

five years between 2008 and 2012 (the second manuscript) and monthly mean 

AOD for April to September between 2003 and 2013 (the third manuscript).  

Finally, ECMWF reanalysis is discussed as the main data source for the 

environmental drivers of dust formation (MLA inputs).  

 AOD from WRF-chem  

WRF-chem is a fully coupled online community model (Fast et al., 2006, Grell 

et al., 2005, Skamarock et al., 2008) designed as Euler nonhydrostatic model to 

serve both operational forecasting and atmospheric research needs (Bian et al., 

2011). The WRF-chem modeling system is commonly used to analyze the full 

interaction of dust particles and other atmospheric phenomena like cloud 

formation (Smoydzin et al., 2012, Ward and Cotton, 2011) or to investigate dust 

radiative forcing (Alizadeh Choobari et al., 2013). There is a variety of schemes 

available, including the Goddard Chemistry Aerosol Radiation and Transport 

(GOCART) (Ginoux et al., 2001), the Air Force Weather Agency (AFWA) (Su 

and Fung, 2015) and the University of Cologne (UoC) (Shao et al., 2011a), to 

parameterize mineral dust cycle. In this study, WRF-chem 3.6.1 is initiated 

using ERA-Interim analyses as lateral boundary conditions. Newtonian nudging 

toward ERA-Interim is used to keep the forecasts close to the observed 

atmospheric state. Soil moisture is provided from National Centers for 

Environmental Prediction (NCEP) Final (FNL) Operational Global Analysis 

data and precipitation is a standard forecast product. Total column dust 

concentration is the primary forecast variable which is converted into AOD at 

550nm using a radiative transfer code (a so-called observation operator, (Chin 

et al., 2002)). For detailed descriptions of WRF-chem configuration please refer 

to Nabavi et al. (2017b).   

 AOD and DOD from MACC  

The European Center for Medium-range Weather Forecasting (ECMWF) has 

provided daily aerosol forecasts including dust as the main outcome of the 

MACC (2003-2012) project and its successor the Copernicus Atmospheric 



 

31 

 

Monitoring Service (CAMS) (July 2012 to present). The MACC data 

assimilation system was constructed by extending the basic meteorological 

forecast system, called the Integrated Forecasting System (IFS) of ECMWF, to 

monitor and forecast reactive gases and five aerosol species, including mineral 

dust (Inness et al., 2013). The modeling part of aerosol modules of MACC (and 

CAMS) reanalysis are initially implemented based on Morcrette et al. (2009). 

Benedetti et al. (2009) complemented it with the assimilation of satellite dust-

sensitive observations, namely MODIS AOD (Cuevas et al., 2015). That is, the 

MACC dust product is thus not a forecast but a reanalysis which certainly 

strengthens this product. However, MACCs primary focus is on atmospheric 

chemical species, not so much mineral dust. Therefore, the parameterizations 

for dust have been tuned relatively little. 

 DOD from DREAM 

DREAM is a dust modeling system initially developed in the World Laboratory 

Centre, Erice, Italy between 1991and 1993. Since then, it has been continuously 

improved and transferred to some European dust-related research centers. 

Currently, it is run at the Barcelona Supercomputing Center (BSC). It focuses 

mainly on North Africa but also covers West Asia (Basart et al., 2012). Author 

has not run DREAM himself but used products from BSC-DREAM8b v2.0 

version, simply called DREAM. The forecast model is initialized every 24 hours 

with NCEP/FNL Operational Global Analysis data and the same analysis data 

are used as lateral boundary conditions during the forecast runs. It provides dust 

optical depth at 550 nm (used in the second manuscript), dust surface 

concentration, and total column dust concentration as prognostic variables 

which can be downloaded from www.bsc.es.  

 MLA features from ERA-Interim 

At the time of writing this thesis, ERA 5 reanalysis, available from 2010 to 

2016, is the latest reanalysis from ECMWF. Its predecessor ERA-Interim 

reanalysis, used in this study, is accessible from 1979 to present (Dee et al., 

2011) at a 3-hourly time resolution.  According to documentation, ERA-Interim 

uses 2006 release of the IFS (Cy31r2) as data assimilation system which has a 

4-dimensional variational analysis (4D-Var) with a 12-hour analysis window 

and spatial resolution of 80 km (T255 spectral) on 60 vertical levels from the 

surface up to 0.1 hPa (https://www.ecmwf.int/en/research/climate-

https://www.ecmwf.int/en/research/climate-reanalysis/era-interim).%20The
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reanalysis/era-interim). Four ERA-Interim variables including 10m wind, 

vertical velocity, soil temperature, and albedo are used to provide some of MLA 

inputs (the third manuscript).   

 

2.3 Research methods  

Like research data, methods split into three sections allotted to the discussion of 

approaches used for the long-term study of dust storms, the specification of a 

local dust source function, and the preparation of a local dust model. In fact, 

this section summarizes methods used for the fulfillment of three steps of the 

study.  

2.3.1 Long-term spatio-temporal characterization of dust storms   

As discussed above, TOMS-OMI AI is favorable for the long-term 

characterization of dust storms. However, its high sensitivity to aerosol height 

(Mahowald and Dufresne, 2004) causes overestimation of aerosol concentration 

over desert areas and warm periods of the year. In addition, replacing TOMS 

with OMI caused an artificial decrease in AI over West Asia which can be 

erroneously interpreted as the reduction of dust frequency. 

 

Figure 2 Area average of long-term daily mean AI over West Asia (20N to 40N and 35E to 

65E). The blue curve shows area-averaged TOMS AI between 1980 and 2001 and red curve 

represents OMI AI between 2005 and 2014. 

In order to tackle these problems and some other issues such as calibration drift 

of Earth Probe TOMS between 2002 and 2004 (Kiss et al., 2007) and 

miscalculation of AI over cloudy pixels, following measures are taken:  

1. Besides the data gap between 1993 and 1996, AI recorded by TOMS during 

2002 to 2004 are excluded from further examinations.  

https://www.ecmwf.int/en/research/climate-reanalysis/era-interim).%20The
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2. Because of the lower accuracy of TOMS AI over cloudy pixels, the long-term 

study of AI is limited to warm months (April to September) when subtropical 

high pressure is the dominant atmospheric pattern over West Asia resulting in 

mostly cloud-free conditions throughout the region.   

3. Following Mahowald and Dufresne (2004), AI values or a Fixed Threshold 

(FT) were not used. Instead, AI has been binarized through preparing a varying 

threshold (VT) for the warm months to deal with the sensitivity of AI data to 

aerosol height. Here VT was defined as the multi-year average of AI 

simultaneous with SeaWiFS DB AOD between 0.5 and 0.55 during the study 

period.  

4. Regarding the discontinuity of AI measured by TOMS and OMI, VT is 

separately prepared for these two instruments (Fig. 3).  

 

 Figure 3 homogenization scheme of AI. 

Having determined VT, the rough location of dust sources is determined by 

using the FoO of dust storms defined as the number of days where AI data 

exceed VT. Permanent dusty areas are empirically defined as where have a FoO 

> 800 in both periods 1980 to 1997 and 1998 to 2014. Emerging areas have FoO 

< 500 in 1980 to 1997 and FoO > 500 in 1998 to 2014 in most pixels. Extinct 

areas (practically non-existent) have FoO > 800 in 1980 to 1997 and FoO < 500 

in 1998 to 2014. Considering the fact that this algorithm provides a binary mask 

of dust sources in a large scale, the magnitude of dust emission is locally 

quantified by the use of MODIS DB AOD. Hence, total FoO of MODIS DB 

AOD > 0.85 during warm months is considered as the magnitude of dust sources 

(Moridnejad et al., 2015a). This approach has paved the path to the specification 

a new dust source function described in the following section.  
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2.3.2 Specification of dust source function for West Asia  

The prior information regarding the distribution and severity of dust sources in 

large (using AI) and local (using DB AOD) scales are the basis of newly 

proposed source function for the study area, called West Asia Source Function 

(WASF). In other words, WASF (Figure 4-A) is mainly constructed on the 

knowledge grasped from the first step of the study (Nabavi et al., 2016). The 

only modification is that FoO of DB AOD > 0.7 was used for the quantification 

of dust sources, instead of DB AOD > 0.85, to detect all active source points in 

the region. Comparing to GSF, WASF results in a general reduction in the 

erodibility in the region and consequently in dust flux. This inevitably reduces 

the concentration of simulated dust emission and resulting AODs. However, 

here, the priority is to provide a more accurate distribution of dust sources in 

West Asia. If so, this underestimation, a systematic bias, can be fixed through 

manipulation of tuning parameters. 

In order to compare the performance of WASF and GSF (Fig. 4-B), they are 

implemented in three dust schemes of WRF-chem.  

 

Figure 4 A: WASF designated based on FoO of DB AOD > 0.7 bounded by emerging and 

permanent dust source masks. B: Ginoux source function (GSF) acquired from WRF terrestrial 

inputs. 

WRF-chem is executed for the summertime of 2008 to 2012 on a domain which 

is centered on 32 ° N and 45 ° E extending from about 26.5 ° N to 36.5 ° N (40 

grid points) and from about 38 ° E to 52 ° E (45 grid points) with 40 levels in 

the vertical on a Lambert projection. In addition, DREAM and MACC DOD 

are also acquired for the same period to be compared with modified (with 

WASF) and control (with GSF) runs.  

 

 

B A 
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2.3.3 Developing local dust model   

In order to determine a superior dust modeling system for West Asia, two 

different approaches, namely MLAs and numerical models, are compared 

(Nabavi et al., 2017a). Here, DB AOD is taken as response variable to be 

predicted through Five MLAs, including Random Forest (RF) Breiman (2001), 

Multivariate Adaptive Regression Splines (MARS) (Zhang and Goh, 2016), 

Support Vector Machines (SVMs) (Vapnik, 1995), Artificial Neural Network 

(ANN) (Konate et al., 2015), and Multivariable Linear Model (MLR) and two 

DMs, including WRF-chem and MACC. The study period is six months from 

April to September of 2003 to 2013. The study area is within the same domain 

as the previous step. While the descriptions of DMs are presented in the 

subsection 2.2.2, the general process of MLA setup, training (2003-2010) and 

test (2011-2013) parts, is shown in Figure 5.  

 

Figure 5 the flow chart of MLA prediction.   

An initial judgment regarding the governing factors of dust formation is known 

to be critical for developing MLAs. Following the literature and authors’ 

experiences, nine environmental parameters, including wind erosivity, vertical 

velocity (omega), soil moisture, soil temperature, albedo, precipitation, 

vegetation cover, drought intensity, and susceptibility of dust emission, are 

chosen as the potential parameters of dust prediction. Since the empirical 

selection of features may cause overfitting, here three types of FSC, including 

filter, wrapper, and embedded-type methods, are used to discriminate the most 
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informative features from the others. Figure 6 shows the basic differences 

between three FSC approaches used in this study.   

 

Figure 6 flow chart of three types of FSC (Hamon, 2013). 

The feature pruning process resulted in the selection of six explanatory datasets, 

including Albedo, Dust Uplift Potential (DUP), NDVI, soil temperature, 

precipitation, and SF, to be used for MLA setup. However, considering the fact 

that none of these features could represent the apportionment of advecting dust 

to the total amount of AOD, the monthly area average of pruned features, except 

SF, calculated over main dust hot spot in the northwest of Iraq, is fed into the 

model as the complementary inputs of MLAs for the rest of region. 

Conclusively, after pruning and adding corresponding area-averaged features, 

11 predictors are selected to train MLAs during 2003 and 2010. 

2.4 Software   

This research is mainly conducted by using NCAR Command Language (NCL) 

and R. NCL is used for the analysis and visualization of remote sensing data. 

Most of the verification analysis and MLA set up are done using packages 

implemented in R. ArcMap 10.4.1 is also used to visualize the distribution of 

ground-based stations.  
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2.5 List of manuscripts   

The main purposes of the study are separately addressed within three peer-

reviewed manuscripts: 

Manuscript 1 Chapter: 3 

Authors: Nabavi, S. O.; Haimberger, L.; Samimi, C.  

Title: Climatology of dust distribution over West Asia from homogenized 

remote sensing data 

Journal: Aeolian Research 21 (2016) 93–107. 

Own contribution: data acquisition and analysis, figures, concept, writing, and 

discussion (70 %) 

 

Manuscript 2 Chapter: 4 

Authors: Nabavi, S. O.; Haimberger, L.; Samimi, C.  

Title: Sensitivity of WRF-chem predictions to dust source function specification 

in West Asia 

Journal: Aeolian Research 24 (2017) 115–131. 

Own contribution: data acquisition and analysis, figures, concept, writing, 

discussion, and corresponding author (80 %) 

 

Manuscript 3 Chapter: 5 

Authors: Nabavi, S. O.; Haimberger, L.; Abbasi, R.; Samimi, C.  

Title: Prediction of Aerosol Optical Depth in West Asia using Dust 

Models and Machine Learning Algorithms 

Journal: Atmospheric environment (under review). 

Own contribution: data acquisition and analysis, figures, concept, writing, 

discussion, and corresponding author (70 %) 
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Hypothesis 1 is dealt with in this chapter, providing long-term distribution of 

dust storms in West Asia. It investigates possible changes in the spatio-temporal 

extent of dust events during last decades. This chapter discusses instrumental 

constraints on the use of TOMS-OMI AI in the long-term dust studies. It also 

shows the potentials of MODIS DB AOD for the determination of source points 

of dust plumes and dust transportation paths. The research concludes that 

northwest of Iraq is the main source of newly intensified dust storms which 

affect northwest and southwest of Iran in spring and summer, respectively.  
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a b s t r a c t

In the past decade, West Asia has witnessed more frequent and intensified dust storms affecting Iran and
Persian Gulf countries. Employing a varying threshold that takes into account systematic differences
between TOMS and OMI data, TOMS-OMI Aerosol Index data are used to identify long-term changes in
the horizontal distribution of dust storms in West Asia from 1980 to present. The northwest of Iraq
and east of Syria are identified as emerging dusty areas, whereas east of Saudi Arabia and southeast of
Iraq are identified as permanent dusty areas, including both dust sources and affected areas. Whereas
the frequency of dust events increased slightly in the permanent dusty areas, it increased markedly in
the emerging dusty areas. As expected, the frequency of dust events is highest in June and July.
The dust source areas are identified as the Iraq-Saudi Arabia boundary region and (recently) the north-

west of Iraq, using MODIS deep blue aerosol optical depth data. Subsequently, a lagged correlation was
implemented between identified dust sources and whole West Asia to determine the main paths and
receptors of intense dust storms. Accordingly, southwest of Iran and Persian Gulf countries were deter-
mined as main receptors of summertime dust storms in West Asia. During spring, dust storms mostly hit
the northern half of the region and reach to the Caspian Sea. Analyzing atmospheric patterns, Shamal and
Frontal patterns were found as dominant atmospheric circulations simultaneous with summertime and
springtime dust storms, respectively.
� 2016 The Authors. Published by Elsevier B.V. This is an open access articleunder the CCBY license (http://

creativecommons.org/licenses/by/4.0/).

1. Introduction

Dust storms are known as a natural hazard that affects various
parts of the world. According to the definition of World Meteoro-
logical Organization (WMO), dust storms are the result of strong
atmospheric turbulence near the surface that lifts large amounts
of dust into the atmosphere, which decrease the horizontal visibil-
ity to less than 1000 m (Goudie and Middleton, 2006). Reduction in
visibility range leads to vehicle accidents. Reduction of soil produc-
tiveness, damages to agricultural products, remote communication
disturbances, mechanical systems disorders (Jish Prakash et al.,
2014), higher risk of respiratory diseases (Lyles et al., 2012;
Ebrahimi et al., 2014) are also consequences of dust storms. In a

general perspective, primary origins of dust storms are located in
the world’s arid regions in East Asia, Middle East, Europe, Latin
America, North America, Australia, east and south of Africa, and
Sahara. The Middle East has various dust source areas such as
the Arabian Peninsula, Israel, Syria, Egypt, Iraq and Iran (Shao
et al., 2011). In the past years, dust events have been more frequent
and intensified in West Asia (Azizi et al., 2012).

1.1. Remotely sensed dust data

In order to mitigate dust disastrous effects, monitoring its
sources, transport paths and affected areas is crucial (Ciren and
Kondragunta, 2014). Unfortunately almost all Middle East coun-
tries have incomplete ground-based observation datasets which
are largely limited to urban areas. Meanwhile, remote sensing tools
and techniques potentially provide an unprecedented capability to
monitor the spatial–temporal distribution of dust events. Many
algorithms have been developed to detect dust events from other
atmospheric phenomena and ground surface features. Ackerman
(1989) proposed brightness temperature difference (BTD) between

http://dx.doi.org/10.1016/j.aeolia.2016.04.002
1875-9637/� 2016 The Authors. Published by Elsevier B.V.
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near-infrared channels at 3.7 and 11 lm and, later (1997), a tri-
spectral (8, 11 and 12 lm) technique to differentiate dust particles
from water/ice clouds. However, Ciren and Kondragunta (2014)
have mentioned that the magnitude of the brightness temperature
difference is sensitive to the dust layer height and the dust compo-
sition and surface emissivity. Therefore, the accuracy of dust detec-
tion can vary both spatially and temporally. Due to the strong
absorption of Ultra Violet (UV) radiance by dust and low ground
surface reflectivity in the UV spectral region, an Aerosol Index
(AI) has first been defined by Torres et al. (1998) for Total Ozone
Mapping Spectrometer (TOMS) and Ozone Monitoring Instrument
(OMI) UV radiances. AI is mathematically defined as:

AI ¼ log10ðI360=I331Þmeasured � log10ðI360=I331Þcalculated ð1Þ
The ‘‘I” denotes radiance measured by TOMS and OMI at 360 nm

and 331 nm wavelengths, respectively. Since I360 calculated is calcu-
lated using reflectivity derived from the 331 nm radiance values,
the Aerosol Index definition essentially simplifies to:

AI ¼ log10 I360measured=I360calculatedð Þ ð2Þ
The AI can identify absorbing, smoke and desert, and non-

absorbing, ice and water, aerosols. AI positive values are represen-
tative of mineral dust, smoke and volcanic aerosols (Ahmad et al.,
2006). Using TOMS AI, Prospero et al. (2002) depicted globally
major dust sources which are in topographic depressions of former
paleolakes. While the TOMS AI seems ideal for climatological stud-
ies since it is available back to 1979, it also has its weaknesses.
Mahowald and Dufresne (2004) have pointed out that AI is sensi-
tive to dust layer height. Assuming a constant dust concentration,
this means higher dust clouds lead to higher, exaggerated, AI val-
ues over desert areas and during warm periods of the year whereas
dust is underestimated with AI during cooler periods and areas.
Therefore, they have recommended using a spatiotemporally Vary-
ing Threshold (VT) for the detection of dust events, instead of
direct use of AI or determining a Fixed Threshold (FT).

Although this can partly deal with dust height-induced biases,
an AI binary mask is not able to show the severity of dust storms.
Moreover, TOMS AI is prepared in the resolution of �1� which is
too rough to identify local scale dust activity. This deficiency can
be addressed by the use of high-resolution Moderate Resolution
images of Imaging Spectroradiometer (MODIS). Hsu et al. (2004)
developed a Deep Blue (DB) Aerosol Optical Depth (AOD) algorithm
for MODIS images available from 2003 to 2014. This algorithm is
not only insensitive to dust height but also able to detect dust over
a bright surface, e.g., desert areas, at a high resolution of 10 km.
Ginoux et al. (2012) have used this algorithm to identify anthro-
pogenic and natural sources from MODIS aerosol products. Results
show that the main sources of dust storms in West Asia are vast
desert areas located in the northeast of Saudi Arabia, Iraq, Iran,
Syria and the regions between the Caspian Sea and Aral Lake.

Besides MODIS, DB AOD data at 550 nm can also be prepared
from measurements of Sea-viewing Wide Field-of-view Sensor
(SeaWIFS). These data are accessible in two resolutions of 0.5�
and 1� from 1998 to 2010. Hsu et al. (2012) have used this dataset
to identify distribution and trends of aerosols in global and regio-
nal scales. Results show strong relationships between Saharan dust
export as well as biomass-burning activity in the tropics with cli-
mate indices such as El Niño Southern Oscillation (ENSO).

1.2. Dust storms in West Asia

The significant increase of dust storms in West Asia (Azizi et al.,
2012) has fostered studies based on various research approaches
(Goudie and Middleton, 2000; Furman, 2003; Taghavi and Asadi,
2007; Aurelius et al., 2007; Al Sarraf, 2010; Gerivani et al., 2011;
Hamidi et al., 2013; Rezazadeh et al., 2013; Cao et al., 2015;

Moridnejad et al., 2015b; Rashki et al., 2015). Some of those studies
have used the discussed remote sensing techniques and algorithms
for the analysis of dust storms in the region (Esmaili et al., 2006;
Azizi et al., 2012; Karimi et al., 2012; Boloorani et al., 2014;
Moridnejad et al., 2015a). Although these studies have yielded
valuable results, they left some issues to be addressed. Esmaili
et al. (2006) have used TOMS AI and meteorological data to identify
major dust sources of Iran. They took only the appearance of per-
sistent spatial–temporal patterns of AI as the indicator of Iran’s
dust sources before 2004. Azizi et al. (2012) and (Boloorani et al.,
2014) both have applied a BTD algorithm on MODIS images during
some dust cases between 2000 and 2008. They have concluded
that most dust storms entering Iran form in Iraq and Syria.
Karimi et al. (2012) compared different dust detection algorithms
to be applied on MODIS images for the identification of dust
sources in the Middle East. Since at that time MODIS DB AOD
was only prepared in the resolution of 1�, they disregarded it in
their local investigations and tried to propose a new dust detection
algorithm called Middle East Dust Index (MEDI). However, later
they used 0.1-degree resolution MODIS DB AOD to find dust inten-
sity in local sources identified by MEDI (Moridnejad et al., 2015a).

In the present paper we try to improve the knowledge about the
long-term spatiotemporal distribution of West Asian dust storms
in three ways: (a) the horizontal extent of dusty areas and its
changes are investigated by using a refined threshold of TOMS-
OMI AI from 1980 to present, except 1993–1996 and 2002–2004,
(b) the MODIS DB AOD is examined from 2003–2014 to determine
dust sources by the analysis of dust storm intensity within already
identified dusty areas, and (c) The main paths and receptors of dust
storms are identified by applying the spatiotemporal lag-
correlation method to MODIS DB AOD data. Furthermore, domi-
nant atmospheric patterns which govern the mechanisms of dust
relocation are studied. The rest of this paper is organized as fol-
lows: methods and data are presented in the next section. The
research findings are presented and discussed in Section 3. Sec-
tion 4 is allotted to conclusions and future work.

2. Data and methods

TOMS-OMI AI is known as the longest aerosol records from
1979 to present. TOMS installed on Nimbus 7 recorded data from
1979 to 1993 with a spatial resolution of 1 � 1.25�. After a 4-
year cessation, it continued data gathering on the Earth Probe plat-
form until the end of its operation in 2005. With one-year data
overlap, OMI has provided AI in the resolution of 0.25� from
2005 to present. In this study, TOMS-like OMI AI, named
OMTO3d_V003, in 1-degree resolution, was used to have a more
consistent dataset. The accuracy and precision of the
OMTO3d_V003 are similar to the legacy TOMS data, except over
cloudy areas where OMTO3d_V003 data is more accurate than that
of the TOMS (Ahmad et al., 2004; Vasilkov et al., 2008).

However, the examination of these two datasets shows some
uncertainties. As documented in Kiss et al. (2007), the Earth Probe
TOMS records are affected by calibration drift issues. The problem
(a wavelength dependent calibration drift from changes in the
optical properties of the front scan mirror) became worse in
2005 so that the TOMS AI data in the period 2002–2005 are unre-
liable and cannot be used, especially for any kind of trend analyses.

In addition, area average of long-term daily mean AI over West
Asia shows that OMI has steadily recorded lower AI compared to
TOMS (Fig. 1). The offset could have climatological reasons but also
artificial reasons caused by different instrument characteristics. In
fact, it is shown below that the change of instruments caused an
artificial decrease in AI which can cause misinterpretation of dust
activity in recent years. Such data inhomogeneities are serious
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issues in climate science since they can completely mask or even
reverse an existing climate change signal. For atmospheric temper-
ature, data homogenization has become a standard procedure
before interpreting any data (Mears et al., 2003; Haimberger,
2007; Venema et al., 2012; Haimberger et al., 2012). More and
more satellite data are reprocessed in order to reduce the effect
of calibration drifts and -offsets between various instruments. In
our particular case, we have to offset the different calibration of
TOMS and OMI. The lack of temporal overlap period between reli-
able TOMS data and OMI data makes it particularly challenging to
create homogeneous climatological time series derived from AI.

Another, aforementioned, problem is AI sensitivity to dust layer
height which caused AI overestimation (underestimation) in warm
(cold) periods or areas. As shown in Fig. 2, highlands in western
Saudi Arabia host a constant high boundary layer (Dee et al.,
2011). This has a profound effect on aerosol height and yields sig-
nificant biases in the intensity of recorded AI in the region (dis-
cussed later). The effect of aerosol height on AI is so obvious that
Ginoux and Torres (2003) have taken planetary boundary layer
height (hPBL) as one of the main inputs for the simulation of AI.

In order to tackle all above-mentioned issues, following mea-
sures are taken:

1. Besides the data gap between 1993 and 1996, AI recorded by
TOMS during 2002–2004 are excluded from further
examinations.

2. Because of higher accuracy of OMI AI over cloudy pixels, long-
term study of AI is limited to warm months (April–September)
when subtropical high pressure is dominant atmospheric pat-
tern over West Asia resulting in mostly cloud free conditions
throughout the region.

3. Following Mahowald and Dufresne (2004) we do not use
directly AI or FT. Instead we have prepared a VT for the warm
months to deal with the sensitivity of AI data to aerosol height.
Here VT was defined as the multi-year average of AI simultane-
ous with SeaWifs DB AOD between 0.5 and 0.55 during warm
months. It is worth mentioning that choosing this range is
based on subjective examinations of SeaWIFS DB AOD during
65 dust storms between 1998 and 2010 and conducted
researches by Mahowald and Dufresne (2004) and Moridnejad
et al. (2015a). In fact, DB AOD 0.5–0.55 is used to make sure that
intense dust cases are excluded from the preparation of VT so
that it is only determined by varying boundary layer height
and a roughly constant dust concentration.

4. Regarding the different distribution of AI measured by TOMS
and OMI, VT is separately prepared for these two instruments.
To do so, SeaWifs DB AOD between 1998–2001 and 2005–
2010 is respectively used for calculating VT of TOMS and OMI.
Fig. 3 illustrates the homogenization strategy used for the
preparation of AI-based VT.

5. In order to examine efficiency of SeaWIFS DB as an indicator of
dust occurrence, it is checked against four AErosol RObotic NET-
work (AERONET) stations located in Saudi Arabia and Persian
Gulf countries (see Figs. 4 and 7).

Considering different spatial resolution and instrumental char-
acteristics of surface stations compared to satellite data, the agree-
ment of SeaWIFS DB AOD with these stations is acceptable. While
the lowest correlation (Null.65) belongs to Dhadnah, it increases
orderly in Kuwait (0.68), Solar Village (0.7), and Mezaria (0.81)
(Fig. 4A–D). This agreement ensures to a great extent that SeaWIFS
DB AOD can detect the outbreak of dust storms and exclude severe
dust cases by using threshold 0.5 < AOD < 0.55. Fig. 5 shows sepa-
rate VTs for TOMS (Fig. 5A) and OMI (Fig. 5B). Over some regions

Fig. 1. Area average of long-term daily mean AI over West Asia (20N–40N and 35E–65E). Blue curve shows area-averaged TOMS AI between 1980 and 2001 and red curve
represents OMI AI between 2005 and 2014. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 2. Long term mean of boundary layer height (m) during the warm season
(April–September) 1980–2014 at 12Z from ERA-Interim reanalyses (Dee et al.,
2011).
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the AOD has never been between the thresholds and therefore
there is not complete data coverage in these figures. As discussed
earlier, AI is not only function of aerosol concentration, but also

it is affected by boundary layer (aerosol) height. Assuming a con-
stant dust concentration by the use of AOD between 0.5 and
0.55, high VT in the west of Saudi Arabia, especially in TOMS VT,

Fig. 3. Timeline of availability of different satellite data used in this study. Systematic differences between TOMS and OMI AI are offset by different varying thresholds used
for calculation of FoO from AI. Note SeaWIFS is only data set with significant overlap with both TOMS and OMI. Rectangles indicate time intervals used for calculating the VTs.

Fig. 4. Scatter plots between SeaWIFS DB AOD 550 nm and AERONET stations AOD 550 nm for stations A) Dhandah (25.5 N and 56.31E), B) Kuwait University (29.31 N and
47.96E), C) Solar Village (24.9 N and 46.38E), and D) Mezaria (23 N and 53.76E), see also Fig. 7. Values in parantheses are Spearman correlation coefficients.
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is because of high boundary layer in the region (Fig. 2). As
expected, OMI VT is generally lower than TOMS VT throughout
the study region which offsets higher AI recorded by TOMS.

Frequency of Occurrence (FoO) of dust defined as the number of
days where AI data exceed a previously defined VT, is used here to
measure dust activity changes over time. Therefore the consistency
of VTs over TOMS and OMI periods is critical. The VT consistency is
tested by the ratio of the multi-year monthly sum of Frequency of
Occurrence (FoO) of dust storms detected by VT throughout West
Asia to corresponding cases determined by SeaWIFS DB
AOD > 0.5. This ratio is separately made for TOMS and OMI by
the comparison AI and DB in two periods 1998–2001 and 2005–
2008, respectively. To make a comparison, the same process is
done for FT, AI > 1 Prospero et al. (2002), shown in Fig. 6.

Although TOMS and OMI VT are a yielding higher number of
dust cases compared to DB (between 4 and 6 times), they resulted
in an approximately same ratio in both periods. This consistent
ratio is a necessary condition that determined changes by AI are
caused by real changes in dust frequency and are not significantly
affected by the use of different instruments. The higher ratio of FoO
for OMI VT compared to TOMS VT in August and September means
that there might be a slight underestimation of TOMS VT FoO in
these months. We also note that this homogenization procedure
depends on the homogeneity of SeaWIFS data. So far we have not
found any indications that the SeaWIFS data are inhomogeneous.

In contrast, FT FoO ratios are obviously different during TOMS
and OMI periods. This is because of temporal discontinuity of AI
due to instrumentation changes. While the ratio of TOMS FT FoO
to DB FoO varies profoundly from 10 to 30, it is much lower and
more stable in OMI period. This leads to an artificial decrease in
the number of detected dust cases by OMI FT in recent years which
will be discussed later.

In addition to the examination above, the performance of FT and
VT is also evaluated by using a contingency table in the next sec-
tion. In this method, the variable ‘‘a” represents true positives,
the number of dust events detected by DB AOD (AOD > 0.5), FT
(AI > 1) and VT; the variable ‘‘b” represents false positives, the
number of times where DB indicates ‘‘no dust,” but FT and VT indi-
cate ‘‘dust”; the variable ‘‘c” represents false negatives, the number
of times where DB indicates ‘‘dust,” but FT and VT indicate ‘‘no
dust”; the variable ‘‘d” represents true negatives, the number of

times where all three algorithms indicate ‘‘no dust”. These four ele-
ments are components of accuracy equation:

Accuracyð%Þ ¼ aþ d
aþ bþ c þ d

� 100 ð3Þ

Having done verification, dusty areas of West Asia were identi-
fied through annual analysis of VT FoO. As the study period was
divided into two 14-year periods: 1980–1997 (with a 4-year data
gap) and 1998–2014 (with a 3-year data gap). The VT FoO of 800
and 500 days per each 14 years were used, as two empirical
thresholds, to separate permanent, extinct and emerging dusty
areas. Permanent dusty were defined as where have a FoO > 800
in both periods 1980–1997 and 1998–2014. Emerging areas have
FoO < 500 in 1980–1997 and FoO > 500 in 1998–2014 in most pix-
els. Extinct areas (practically nonexistent) have FoO > 800 in 1980–
1997 and FoO < 500 in 1998–2014. In order to discriminate dust
sources from affected regions in identified dusty areas, the inten-
sity of dust emission is locally examined by the use of MODIS DB
AOD which is accessible from 2003 to present. In this study, total
FoO of MODIS DB AOD > 0.85 during warm months is considered
as the indicator of dust sources (Moridnejad et al., 2015a). After
determination of dust sources, main dust paths and receptors were
identified by the use of lagged cross-correlation between MODIS
DB AOD of dust sources and the whole region (Ke-Yi, 2010).

Besides using remotely sensed data, meteorological stations
data are also used in some parts of study to validate results. These
data are acquired from synoptic stations in western Iran (Fig. 7). In
the following image, synoptic stations in the southwest of Iran
(Khuzestan plain) are discriminated with a red background which
will be discussed in the next section. Furthermore, AEORONET sta-
tions used earlier for the validation of SeaWIFS DB are shown by
stars.

3. Results and discussion

In order to describe the long-term behavior of dust storms in
West Asia, FT FoO and VT FoO of dust storms, during warmmonths,
are summed up in seven 4-year time slices from 1980 to 2014
(Fig. 8). It is worth to mention that time slices between 1992–
1999 and 2000–2006 have 4 and 3-year data gaps, respectively.

Fig. 5. VT for TOMS AI (A) calculated using SeaWIFS DB AOD for the period 1998–2001 and OMI AI (B) calculating using SeaWIFS DB AOD for period 2005–2008. White areas
indicate no data (AOD (almost) never between 0.5 and 0.55).
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Apart from the constant overestimation of FT FoO to VT FoO, the
most obvious difference between them is the reverse trend of dust
activity after 2006. As discussed in the last section (Fig. 6), the
number of detected dust storms (FoO) by FT is much lower in
OMI period which is because of the general reduction of AI
recorded by this instrument (Fig. 1). For example, the Rub al Khali
desert3, in the east of Saudi Arabian Peninsula, is shown by a lower
number dust cases between 2011 and 2014 comparing to 2000–
2006. This is while VT yields the same or even higher number of
cases in the 2011–2014 period. Another instance is northwest of Iraq

where VT FoO increases between 2007 and 2010. However, corre-
sponding FT FoO shows a decrease during the same period. In fact,
the use of OMI FT caused a reduction of detected dust cases between
2007 and 20144. In addition to instrumental discontinuity, the offen-
sive effect of boundary layer height on AI is remarkably seen among
FT FoO, especially during TOMS period, in the western half of Saudi
Arabia and southeast of Iran. According to total difference between
FT FoO and VT FoO (Fig. 9A), these overestimations occur mostly in
regions where boundary layer height is correlated with AI

Fig. 6. Multi-year monthly ratio of FoO of dust storms determined by FT and VT to FoO detected by SeaWIFS DB AOD for the periods 1998–2001 (TOMS) and 2005–2008
(OMI).

Fig. 7. Synoptic stations in the western half of Iran (yellow dots). Yellow dots with red background are stations in Khuzestan plain. Stars indicate the location of AERONET
stations used for comparison with SeaWIFS DB AOD. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

3 The empty quarter.

4 Although OMI FT is also involved in time slice of 2000–2006, because two years of
that (2000 and 2001) are TOMS AI, the significant reduction is seen after this period.
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Fig. 8. 4-year FoOs in units days of dust storms in West Asia based on FT (left) and VT (right) for time different intervals (1980–1983, 1984–1987, . . .) in the period 1980–
2014. Intervals 1992–1999 and 2000–2006 appear longer but contain only 4 years of valid data as well.
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(Fig. 9B). In fact, positive correlations represent desert areas where
high boundary layer height can be assumed as the main reason of
AI overestimation.

The accuracy (Eq. (1)) of FT and VT is evaluated based on both
SeaWIFS DB and MODIS DB products. Concerning that VT is pre-
pared by using SeaWIFS DB, it is better not to use it also for the ver-
ification. However, the main barrier is that MODIS DB does not
cover any part of TOMS period. So verification is first done by the
use of SeaWIFS DB for both TOMS (1998–2001) and OMI periods
(2004–2010) and then OMI (2005–2014) is also verified by MODIS
DB. In this way, we can compare OMI verifications based on both
instruments and make sure that the reliance of VT on SeaWIFS
DB cannot mislead. The accuracy of TOMS (Fig. 10A) and OMI
(Fig. 10B) FT against SeaWIFS DB shows a similar pattern namely
the lowest accuracy in the west of Saudi Arabia, south of Iraq
and southeast of Iran. These are regions where VT could bear a sig-
nificant improvement for both instruments (Fig. 10D and E).
Although the accuracy of OMI FT rises when MODIS DB is used
(Fig. 10C), it also causes higher accuracy for OMI VT (Fig. 10F).
Regarding the similar pattern of TOMS and OMI accuracy using
both SeaWIFS and MODIS DB and higher accuracy of VT, it can be
concluded that VT is much more reliable than FT for the detection
of dust storms during the whole study period.

As explained in Section 2, we have used VT-based FoO to sepa-
rate permanent (Fig. 11A), emerging (Fig. 11C) and extinct dusty
areas in the region. The permanent dusty areas are mostly identi-
fied in the east of Saudi Arabia. Based on annual area-averaged
VT FoO, after two main upsurges of permanent dusty areas in
1984 and 1991, the most recent peak happened in 2008 in this
region (Fig. 11B). The sample average and standard deviation of
the mean of permanent dust areas have changed from 73 and 8.5
during 1980–1992 to 75 and 6.8 during 1997–2014. The annual
area-averaged FoO of dust storms of emerging dusty areas, covered
the east of Syria, northwest of Iraq, and a small area in the Sistan
Basin in eastern Iran, has strongly increased in recent years, with
a peak in 2008. Similarly, dust frequency average and standard
deviation of the mean of emerging areas have profoundly increased
from 22 and 3.9 to 67 and 7.8, respectively (Fig. 11D). This implies
more frequent and fluctuating dust events in emerging dusty areas
during the past decade. It is worth mentioning that episodes of
low/high dust frequency in emerging areas have coincided with

permanent areas. This can be attributed to the fact that dust fac-
tors, like drought, or/and the resulting dust plumes affect most of
the region during dusty periods. As an example, Trigo et al.
(2010) studied a very intense drought in Fertile Crescent5 between
2007 and 2009 found as the driest two-year case for the region since
1940.

This drought has taken place exactly when emerging and, with
less frequency, permanent areas have been simultaneously acti-
vated. Fig. 12 shows that most parts of dusty areas, especially
emerging ones, were under a very profound reduction of precipita-
tion during October–May in 2007–2008 (Fig. 12A) and 2008–2009
(Fig. 12B).

Interestingly, Notaro et al. (2015) have found that the upsurge
of dust storms in Saudi Arabia between 2008 and 2012 mostly
originated from drought-stricken sources across the Fertile Cres-
cent. In fact, it can be inferred that while dust intensification of
emerging dusty areas is mostly because of local intense drought,
permanent dusty areas are affected by local drought-driven dust
cases and intensified dust storms in Iraq traveling to Arabian
Peninsula. It is worth mentioning that extinct areas, i.e. to be active
only in the first period, were also considered, but very few points
with decreasing dust frequency were found in the recent period
(not shown here). This means that dust sources of West Asia have
been mostly growing in three last decades.

Fig. 13 shows the area-averaged monthly VT FoO in permanent
(13-A) and emerging (13-B) dusty areas during last decades, except
1993–1997 and 2002–2004. In the permanent dusty areas, dust
storms spread in all warm months with a peak in June and July
during the whole study period. Conversely, the monthly distribu-
tion of dust storms in emerging areas shows two different periods
of dust activity from 1980 to 2000 and after that. In the first period,
there were only few dust cases mainly in July. In the second period,
the number of dust cases increased markedly and the period of
dust activity expanded to whole warm months. This affirms that
dust frequency has increased both spatially (Fig. 11C) and tempo-
rally (Fig. 13B) in the emerging dusty areas.

Fig. 9. Panel A: Overall difference between FT FoO and VT FoO in units days from April to September for the period 1980–2014. Panel B: Spearman correlation coefficient
between AI and Planetary Boundary Layer (PBL) height during April to September from 1980 to 2014.

5 The Fertile Crescent is the region in the Middle East which curves, like a quarter-
moon shape, from the Persian Gulf, through modern-day southern Iraq, Syria,
Lebanon, Jordan, Israel and northern Egypt.
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Fig. 10. Accuracy (%) of TOMS FT against SeaWIFS DB (A), OMI FT against SeaWIFS DB (B), OMI FT against MODIS DB (C), TOMS VT against SeaWIFS DB (D), OMI VT against
SeaWIFS DB (E), and OMI VT against MODIS DB (F). Missing pixels in FT figures are advertently made to have an appearance like VT.

Fig. 11. Permanent (A) and emerging (B) dusty areas in West Asia from 1980–2014. C and D are respectively the area-averaged annual FoOs of VT-detected dust storms
within permanent and emerging dusty areas. The blank belongs to data gaps between 1993 and 1997 and dash line is the representative of invalid data between 2002 and
2004.
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In order to validate these results and to check if monthly dust
distribution is properly represented on dusty areas by VT, these
examinations are also done for southwestern Iran. This region
has been chosen since its weather data are freely available from
1980 to present and since it is frequently hit by dust storms com-
ing from the western half of the region (discussed later). The most
reliable meteorological data related to dust storms are weather
codes. For this study, all meteorological dust codes, 6–9 and 30–
35 (WMO, 2011), acquired from synoptic stations in Khuzestan
plain are considered to have both local and regional dust storms.
The comparison of VT-based time series (Fig. 14A) and ground-
based observations (Fig. 14B) shows that this refined threshold
managed to represent main characteristics of observational time
series. For example, the dusty episodes in 1984, 1991, 2000, and
2008 are seen in both distributions. Furthermore, monthly peaks
of both time series happened during June to August. Further exam-
inations show that differences between these two time series, such
as higher number of cases before 1984 or peak displacement from
2008 in VT FoO to 2009 in observations, can be attributed to the

rough resolution of AI which cannot detect local dust cases
recorded by meteorological stations.

As discussed earlier, a dusty area consists of both dust emitting
and affected spots. To discriminate these regions, those parts of
dusty areas that emit high-intensity dust storms are determined
as dust sources. Intense dust cases from MODIS DB AOD (Ginoux
et al., 2012; Moridnejad et al., 2015a) were defined by FoO of
MODIS DB AOD exceeding 0.85.

The tally of intense dust storms covers up main sources of per-
manent dusty areas spread out in the southeast, east and northeast
of Saudi Arabian Peninsula and southeast of Iraq (Fig. 15A). How-
ever, most dust sources have been concentrated in the northern
part of permanent dusty areas. The examination of the FoO of
intense dust storms within emerging dusty areas showed a hot
spot in the northwest of Iraq (Fig. 15B). In fact, it can be claimed
that northwest of Iraq close to the confluence of Tigris and
Euphrates is the main source of recent dust storms in West Asia.
In order to find main dust paths and affected areas of these two
dust sources, i.e. the northeast of Saudi Arabia and southeast of

Fig. 12. Accumulated monthly precipitations (expressed in percentage relative to the 1940–2009 normal) during October to May in 2007–2008 (a) and 2008–2009 (b). Black
polygon is the boundary of Fertile Crescent (Trigo et al., 2010).

Fig. 13. Area averaged monthly VT FoO (averaged number of dusty days per month) in A) permanent and B) emerging dusty areas as indicated in Fig. 11. Data gap 1993–1997
and invalid data 2002–2004 are masked and blurred, respectively.
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Iraq and northwest of Iraq, a lagged correlation was computed
between area-averaged MODIS DB AOD recorded in dust sources
and West Asia for warm seasons (Fig. 16). The zero-lagged correla-
tion represents the first day of dust outbreak, it shows the highest
correlation with already identified dust sources and their sur-
rounding areas, as expected. This is why zero-lagged correlation
of permanent dust sources, during spring, increases getting closer
to the southeast of Iraq and northern Arabian Peninsula. However,
there is a high correlation tongue toward the north of Iraq and
northwest Iran at lag zero (Fig. 16A). At lag 1, there are two mod-
erate correlation clouds to the middle of Iran and south of Saudi
Arabia (Fig. 16B).

The extension of a high correlation area to the north of Iraq,
northwest of Iran, and south of Turkey is also visible for emerging
dust sources, especially at 1-lagged correlation, during March to
May (Fig. 16C and D). Since these areas are mountainous and can-
not be affected by local dust sources, this pattern means that north
of Iraq and northwest of Iran are two of the main receptors of dust
storms formed in both dust source areas during spring. During
summer, the high correlation of permanent dust sources and study
areas is located from the northwest of Iraq to southeast of the east
of Saudi Arabia at lag zero (Fig. 16E) and southeast Saudi Arabia
and southwest of Iran at lag one (Fig. 16F). Similarly, lagged
correlation of emerging dust source and West Asia show a

Fig. 14. (A) Area averaged monthly VT FoO (averaged number of dusty days per month) in the south west of Iran based on AI VT and (B) meteorological stations. Data gap
1993–1997 and invalid data 2002–2004 are masked and blurred in figure A, respectively.

Fig. 15. FoO of high intensity dust storms (MODIS DB AOD > 0.85) in units days during April to September for the whole MODIS period 2003 to 2014 within permanent (A)
and emerging (B) dusty areas.
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Fig. 16. Map of lagged Pearson correlation coefficients between dust sources, shown by black polygons, and study area during spring (MAM) and summer (JJA), calculated
from MODIS DB AOD for period 2003–2014.
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northwest-southeast path from northwest of Iraq to the southwest
of Iran (Fig. 16G and H). Although lag-1 correlations of 0.23–0.42
cover most of the region during summertime, this grade of correla-
tion over the Zagros Mountains can be a sign of dust transport from
permanent and emerging dust sources to the west and northwest
of Iran by thin dust plumes. To sum up, lagged correlation of iden-
tified permanent and emerging dust sources show two seasonal
distinctive dust paths and receptors. Springtime dust (correlation)
paths are both northward and reach south of Turkey and northwest
Iran. During summer, dust storms take the northwest-southeast
path and affect southwest of Iran, southeast of Iraq, Saudi Arabia,
and other Persian Gulf countries. With the intention of verifying
identified receptors, because of data accessibility, the seasonal
fraction of dust events is examined in the west of Iran, by using
meteorological dust codes of synoptic stations (Fig. 7).

Regarding that only dust cases formed in the warm period are
studied here, fraction of dust occurrence, i.e. total seasonal FoO

of dust storms/total annual FoO of dust storms, is just examined
for spring and summer from 1980 to 2014.

According to lag correlation method, northwest and southwest
of Iran are two of main receptors of dust storms during spring and
summertime, respectively. These patterns are replicated in the 35-
year climatologies of seasonal dust fraction. The north and north-
west of Iran received the majority (more than 40–50 percent) of
annual recorded dust events during spring (Fig. 17A). During sum-
mertime, the largest fraction of detected dust storms relocates to
the southwest of Iran and it decreases to less than 40 percent in
the northwest of this country (Fig. 17B). These patterns are consis-
tent with Hamidi et al. (2013), who identify two main types of dust
storms, called Shamal and Frontal dust storms, in West Asia. Ana-
lyzing atmospheric circulations of 180 dusty days, they found that
Shamal is the most frequent type of dust storms in West Asia. Fur-
ther examinations showed that 60% of Shamal dust storms are
simultaneous with high-pressure systems, to the west of the

Fig. 17. The fraction of seasonal FoO of dust storms to total annual FoO of dust storms reported by synoptic stations in the West Iran (A) in Spring (B) in Summer for period
1980–2014.

Fig. 18. Atmospheric patterns simultaneous with 60 percent of Shamal dust storms (A) and 86 percent of Frontal dust storms (B) adapted from Hamidi et al. (2013). Colored
ellipses and curves are surface pressure systems and blowing winds, respectively. Shamal dust storms may be further classified depending on location of high-pressure
systems (East-Central Europe, Mediterranean Sea or North of Africa). (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)
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region, reaching from northern Europe to north of Africa and a low-
pressure system centered over southern Iran. This atmospheric
pattern causes strong winds (color dash lines), called Shamal
Winds (Strachan, 2005), from northwest of Iraq to Persian Gulf
countries (Fig. 18A). This circulation has the highest frequency in
June and July when dust storms are mostly recorded in the south-
west of Iran (Fig. 17B). During spring, Shamal dust storms are much
less frequent but there are frequent dust storms of Frontal type,
with high pressure over southern Iran and low pressure over the
eastern Mediterranean Sea, Turkey and northern Iraq (Fig. 18B).
This kind of circulation, which included 82% of studied Frontal
cases transports dust plumes to north and northwest of Iran.

4. Conclusion and future work

This study aimed to investigate long-term activity of dust
storms in West Asia, a region which experienced intensified dust
storms in recent years. Preparing a Varying Threshold (VT) for
Aerosol Index of TOMS and OMI, analysis of dust activity showed
a temporal and spatial expansion of dust storms in the east of Syria
and northwest of Iraq, called emerging dusty areas, in the last dec-
ade. Besides that, east and northeast of Saudi Arabia were found as
permanent dusty area emitting large amounts of dust, at least from
1980 onward. The increase of dust storms in West Asia, especially
in emerging areas, was attributed to an extreme drought in the Fer-
tile Crescent during 2007–2012. According to monthly distribution
of dust storms, June and July are the main periods of dust activity
in West Asia. During recent years, dust storms of emerging dusty
areas are becoming expanded to the whole warm period of the
year what is commonplace in permanent dust areas from the
beginning of study period. In order to discriminate dust sources
from affected areas which constitute dusty areas, high-intensity
dust storms are examined as an indicator of dust sources. Results
show twomain dust sources in the northwest of Iraq and southeast
of Iraq and northern Saudi Arabia. Subsequently, the lagged corre-
lation method revealed that there two distinct dust paths and
receptors during spring and summertime in West Asia. During
spring, dust storms are transported to the north of Iraq and north-
west of Iran by a Frontal mechanism. During summer, Shamal
atmospheric pattern makes dust plumes take northwest-
southeast direction hitting southwest of Iran and Persian Gulf
countries.

Considering the fact that the comprehensive understanding of
dust storm is not achievable only through the study of its horizon-
tal distribution, the future work aims to investigate the vertical
structure of this phenomenon in West Asia. This can be done by
using Weather Research and Forecasting model coupled with
Chemistry (WRF-chem, (Grell et al., 2005)) simulations and
Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observations
(CALIPSO, (Ma et al., 2013; Adams et al., 2012)) products but is
beyond the scope of this paper.
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Dust storms tend to form in sparsely populated areas covered by only few observations. Dust source
maps, known as source functions, are used in dust models to allocate a certain potential of dust release
to each place. Recent research showed that the well known Ginoux source function (GSF), currently used
in Weather Research and Forecasting Model coupled with Chemistry (WRF-chem), exhibits large errors
over some regions in West Asia, particularly near the IRAQ/Syrian border.
This study aims to improve the specification of this critical part of dust forecasts. A new source function

based on multi-year analysis of satellite observations, called West Asia source function (WASF), is there-
fore proposed to raise the quality of WRF-chem predictions in the region. WASF has been implemented in
three dust schemes of WRF-chem. Remotely sensed and ground-based observations have been used to
verify the horizontal and vertical extent and location of simulated dust clouds. Results indicate that
WRF-chem performance is significantly improved in many areas after the implementation of WASF.
The modified runs (long term simulations over the summers 2008–2012, using nudging) have yielded
an average increase of Spearman correlation between observed and forecast aerosol optical thickness
by 12–16 percent points compared to control runs with standard source functions. They even outperform
MACC and DREAM dust simulations over many dust source regions. However, the quality of the forecasts
decreased with distance from sources, probably due to deficiencies in the transport and deposition
characteristics of the forecast model in these areas.

� 2017 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Most dust storms form in arid and semi-arid areas where dry
soil, sparse vegetation, high-speed winds and erodible sediments
favor dust emission. In the last decade, an unprecedented upsurge
of dust storms in West Asia, particularly west of the Iranian pla-
teau, has caused many problems for inhabitants. According to
recent studies (Boloorani et al., 2014; Nabavi et al., 2016), the
northern floodplains of Iraq are the most active dust sources in
the region. However, a realistic quantitative calculation of dust
emission has always been a challenge. In numerical models fore-
casting dust, the dust emission flux (F) is typically parameterized
by time-independent dust source function (DSF), commonly
denoted by S, and time-dependent factors such as wind speed
(Ginoux et al., 2001). Although not time-dependent, at least on
sub-decadal time scales, the specification of S is far from trivial
as well (Koven and Fung, 2008; Lee et al., 2009; Walker et al.,
2009; Bullard et al., 2011; Cao et al., 2015).

In the following we discuss some well-established DSFs in two
main categories:

1.1. Source functions based on physical characteristics of land surface

Ginoux et al. (2001) prepared a topography-based global DSF
(Eq. (1)), which will be referred to as ‘‘Ginoux source function
(GSF)” in this paper.

S ¼ Zmax � Zi
Zmax � Zmin

� �5

ð1Þ

S is the probability value assigned to pixel i to have accumulated
sediments at altitude Zi, where Zi is normalized in proportion to
maximum Zmax and minimum Zmin altitudes over a surrounding area
of 10� � 10�.
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Kumar et al. (2014) noted that the calculation of S requires
dense observations of alluvium in the study area. Due to the lack
of data, S is indirectly assessed based on topographic features.
GSF has been first implemented in the Goddard Chemistry Aerosol
Radiation and Transport (GOCART) aerosol model, and has been
applied to bare soil surfaces (Cavazos-Guerra and Todd, 2012). Bare
surfaces were designated based on land cover data from the
advanced very high-resolution radiometer (AVHRR) (DeFries and
Townshend, 1994). Kim et al. (2013) argued that a static land cover
does not reflect annual and seasonal variations of soil bareness. So,
they used 15-day normalized difference vegetation index (NDVI)
data from AVHRR and prepared a dynamic bareness map
(NDVI < 0.15) and, consequently, a dynamic DSF. Results showed
significant improvements in GOCART simulations over regions
with seasonally changing soil bareness. However, further examina-
tions indicated that the progress is rather small in a global perspec-
tive. It is attributed to the small contribution (12%) of these regions
to global dust emission. Over West Asia there is very little seasonal
change of soil bareness and thus does not cause significant modifi-
cations on values of GSF. Zender et al. (2003) have proposed two
other source functions, called Geomorphic and Hydrologic, and
compared them with GSF. The Hydrologic erodibility function
was determined based on the runoff at the local and upstream
neighbor grid cells. The Geomorphic source function was defined
as the total of the area of all grid cells that flow into a given grid
cell. Both functions were, normalized by the maximum value of
the neighboring grid cells. Using the Dust Entrainment and Depo-
sition (DEAD) model, they have concluded that the geomorphic
source function most closely represents realistic global erodibility.
However, it is noted that both source functions are strongly
affected by discrete values of flow direction and topography. In
addition, results showed that GSF outperformed these two func-
tions over the North African dust sources, known as the strongest
dust source in the world (Shao et al., 2011b). To sum up, all above-
mentioned algorithms use land surface features, i.e. geomorphol-
ogy, hydrology, and vegetation characteristics of land surfaces, to
indirectly identify the most probable locations of dust sources.

1.2. Source functions based on direct observation of dust particles

During the past few decades, various remote sensing algorithms
have been developed to increase the accuracy of dust detection
and, subsequently, improve the identification of dust sources
(Ackerman, 1989, 1997; Torres et al., 1998; Hsu et al., 2004;
Roskovensky and Liou, 2005; Karimi et al., 2012; Samadi et al.,
2014). Prospero et al. (2002) assumed the frequency of occurrence
(FoO) of Total Ozone Mapping Spectrometer (TOMS) Aerosol Index
(AI) > 0.7 for designating dust sources. As a result, topographic
depressions were determined as the main sources of dust emission.
According to their findings, almost entire West Asia is determined
as a vast dust source during July.

Although the TOMS AI has long time coverage (since 1979 to
present) and seems ideal for climatological studies of dust sources,
Mahowald and Dufresne (2004) have pointed out that AI is sensi-
tive to dust layer height. This causes exaggerated AI values over
desert areas and during warm periods of the year. In fact, high AI
does not necessarily represent a dust source and it can be merely
because of high surface temperature, boundary layer and, conse-
quently, highly elevated aerosol particles. Therefore, they have rec-
ommended using a spatiotemporally varying threshold (VT) for the
detection of dust events, instead of direct use of AI or determining
a fixed threshold (FT).

Ginoux et al. (2012) proposed a new algorithm for dust source
determination in which AI is replaced with the Moderate Resolu-
tion Imaging Spectroradiometer (MODIS) deep blue aerosol optical
depth (DB AOD). Considering physical and optical properties of
aerosols, authors extracted dust optical depth (DOD) from the
already retrieved AOD from 2003 to 2009. FoO of DOD > 0.2 was
used as a criterion for the determination of dust sources. This
new source function, which is officially implemented in NASA Uni-
fied Weather Research and Forecasting Model (NU-WRF) (Zaitchik
et al., 2013), designated a boundary region between Iraq and Saudi
Arabia and northwest of Iraq as two main dust sources of West
Asia. Using different approaches, several studies have also docu-
mented the latter as a hot spot in the region (Boloorani et al.,
2013, 2014; Cao et al., 2015; Moridnejad et al., 2015b). In contrast,
another hot spot, found in the north of Saudi Arabia, has not been
reported as a major origin of dust storms. Conducting a preliminary
study, we also found that Ginoux’s new source function did not
result in a significant progress in the accuracy of WRF-chem pre-
dictions. Hence, here, this source function is excluded from further
examinations.

Parajuli et al. (2014) prepared the most recent global DSF by
normalizing the Spearman correlation coefficient (SCC) between
monthly wind speed at 10 m and DB AOD, both with the resolution
of 1 degree. Considering that wind speed and dust concentration
are very dynamic and resolution dependent, the analysis of rough
spatial resolution data on a monthly basis does not seem robust
enough to represent the instantaneous conditions along with dust
events. Moreover, using correlation coefficient for dust source
determination has led to unacceptable results over non-erodible
areas such as western Iran. This is the region of the Zagros Moun-
tains which cannot have any contribution to dust emission
(Gerivani et al., 2011), but it is attributed with erodibility values
comparable with desert areas in the east of Saudi Arabia. In other
words, this method leaves some values everywhere even if it is
made of non-erodible lands.

Given the deficiencies found in the existing literature, this study
aims to provide a new DSF called West Asia source function
(WASF) which is based on more detailed information of dust distri-
bution in the region (Nabavi et al., 2016). The second aim of this
study is to demonstrate the beneficial impact of WASF on forecasts
with WRF-chem.

The detailed descriptions of WASF, WRF-chem dust schemes,
verification data and methods are presented in the next section,
results are discussed in section 3 and Section 4 is allotted to
conclusions.
2. Data and methods

In this section we first describe which input data are used and
how these data are processed for creating WASF. Then, we discuss
WRF-chem dust schemes, in which WASF has been implemented,
and the model configuration in subsections 2 and 3, respectively.
The fourth part of this section presents data and methods used
for the verification of WRF-chem simulations.
2.1. Data and methods used for preparing West Asia source function
(WASF)

The basic data source for WASF is TOMS-Ozone Monitoring
Instrument (OMI) AI in the resolution of �1 degrees, which is avail-
able back to 1979. Principally, the value of AI can be used to dis-
criminate air parcels as dusty/not dusty. However, AI data are
delicate to use because the AI values depend not only on dust con-
centration and it contains several temporal inhomogeneities.
Nabavi et al. (2016) have discussed that AI sensitivity to aerosol
height can lead to erroneous identification of dust sources over
regions with high boundary layer, like west of Saudi Arabia. In this
paper, also several strong temporal inhomogeneities introduced by
the switch from TOMS to OMI in 2005 and by calibration drift
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issues of TOMS-data in the period 2002–2004 have been high-
lighted. In order to deal with these problems, they have recom-
mended following measures replicated here:

1. Besides the data gap between 1993 and 1996, AI recorded by
TOMS during 2002–2004 were excluded from examinations.

2. Following Mahowald and Dufresne (2004), original data of AI or
a fixed threshold (FT) were not used in examinations. Instead
they have prepared a Varying Threshold (VT) for the warm
months to deal with the sensitivity of AI data to aerosol height.
VT was defined as the multi-year average of AI simultaneous
with Sea-Viewing Wide Field-of-View Sensor (SeaWifs) DB
AOD between 0.5 and 0.55 during warm months. Choosing this
range was based on subjective examinations of SeaWIFS DB
AOD during 65 dust storms between 1998 and 2010 and con-
ducted researches by Mahowald and Dufresne (2004) and
Moridnejad et al. (2015a). In fact, DB AOD 0.5–0.55 was used
to make sure that intense dust cases are excluded from the
preparation of VT so that it is only determined by varying
boundary layer height and a roughly constant dust
concentration.

3. Finally, the VT was separately prepared for TOMS and OMI
instruments which helps avoiding a discontinuity in AI dataset
(dust occurrence).
A B

Fig. 1. Permanent (A) and emerging (B) dust s

Fig. 2. A: WASF source function using DB AOD > 0.7 bounded by emerging and permanen
WRF terrestrial inputs.
By the analysis of FoO of VT-based dust cases and considering
the temporal length of dust activity, they grouped main dust
sources of the region as permanent and emerging dust sources,
located in the eastern half of Saudi Arabia and south east of Iraq
and northwest of Iraq and east of Syria, respectively (Fig. 1).

Permanent dusty areas were defined as where FoO of VT-based
dust cases >800 in both study periods 1980–1997 and 1998–2014.
Emerging areas covers regionswith FoOof VT-based cases <500dur-
ing 1980–1997 and >500 between 1998 and 2014 in most pixels. In
order touse these dust sourcemasks as source function, theyneed to
be quantified in higher resolution. Considering that Nabavi et al.
(2016) used a threshold of DB AOD > 0.8 for the detection of high-
intensity dust sources, hereweusedDBAOD > 0.7 to include all acti-
vating source points in the region. This threshold is implemented on
DB AOD with an approximate resolution of 0.1 degree during 2003
to 2014. Fig. 2A shows the quantified masks of permanent and
emerging dust sources using DB-based FoO of dust cases (AOD
DB > 0.7), normalized by the high percentile. Unlike GSF (Fig. 2B),
regions in the west and middle of Iraq got no erodibility in WASF.
In other words, WASF yields the highest erodibility values for the
northwest and southeast of Iraq, eastern Syria and eastern half of
Saudi Arabia. The reliance of GSF on elevation variations has caused
the assignment of high values to the middle and southeast of Iraq
and eastern half of Saudi Arabia located in topographic concavities.
 

ources in West Asia (Nabavi et al., 2016).

t dust source masks shown in Fig. 1. B: Ginoux source function (GSF) acquired from
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Fig. 3. Synoptic stations (Climate Data OnLine (CDO)) in the northwest of Iraq
(yellow dots). Stars indicate the location of AERONET stations ((For interpretation of
the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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Comparing to GSF, WASF results in a general reduction in the
erodibility in the region and consequently in dust flux. This inevi-
tably reduces the concentration of simulated dust emission and
resulting AODs. However, here, the priority is to provide a more
accurate source function for West Asia. If so, this underestimation,
a systematic bias, can be fixed through manipulation of tuning
parameters, for example parameter C in Eq. (2).

It is worth mentioning that WASF can be simply implemented
in WRF-chem terrestrial inputs by the execution of a Linux shell
script named WASF_implementation.sh. This script along with
WASF_implementation.ncl, written in the NCAR Command Lan-
guage (NCL) version 6.3, and WASF.nc should be placed in the
WRF Preprocessing System (WPS) directory. They are all publically
available at ftp://srvx1.img.univie.ac.at/pub/WASF.

2.2. WRF-chem dust schemes

In the following, three dust schemes, in which WASF has been
implemented, are presented to clarify the role of source function
in regulating the dust emission flux.

2.2.1. GOCART dust scheme
GOCART, as a general aerosol model, simulates major aerosol

components of atmosphere such as salt, dust, sulfate and black car-
bon. (Chin et al., 2000; Ginoux et al., 2001). Following Gillette and
Passi (1988), GOCART dust simulations require knowledge of the
10 mwind speed and of the lowest wind speed (threshold velocity)
inducing wind erosion. The following expression approximates the
amount of emitted dust Fp for the dust size class p:

Fp ¼ CS sp u2ðu� utÞ if u > ut ð2Þ
where C is a constant assumed to be 1 mg s2 m�5. In the present
study, C is modified to the most recommended value of 2.2
(Kumar et al., 2014) to compensate partly the reduction of
Fig. 4. Scatter plots between MODIS DB (A–D) and MISR (E–H) AODs 550 nm and AERONE
Coefficients (SCC), Pearson Correlation Coefficient (PCC), Root Mean Square Error (RMSE)
intervals and prediction intervals. (For interpretation of the references to colour in this
erodibility by WASF. sp is the proportion of each particle size within
the soil, u and ut are the wind speed at 10 m and threshold velocity
of wind erosion, respectively. S is the DSF, i.e. our subject of sensi-
tivity examinations.
2.2.2. AFWA dust scheme
The Air Force Weather Agency (AFWA) dust scheme is based on

the work of Marticorena and Bergametti (1995) and is composed of
three main components including threshold friction velocity,
T stations AOD 550 nm, see also Fig. 3. Values in the boxes are Spearman Correlation
and bias. Gray and light yellow bands are respectively representatives of confidence
figure legend, the reader is referred to the web version of this article.)
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saltation flux, and bulk vertical dust flux. To avoid redundancy, in
the following, only two latter components are discussed.

A) Saltation flux: the dust flux is quantified through saltation
flux (Eq. (3)).

H ¼ C
qa

g
u3
� 1þ u�t

u�

� �
1� u�t2

u2
�

� �
; ð3Þ

where C is an empirical constant, qa is the density of air parcel, g is
the acceleration of gravity, u� and u�t are, respectively, friction
velocity and threshold friction velocity.

B) Bulk vertical dust flux: the concentration of elevated dust
triggered by saltation is explained by following expression (Eq. (4)).

Fbulk ¼ Ha � S; ð4Þ
where a is the sandblasting efficiency factor chosen equal to
100.314(%clay)�6 (Gillete, 1979). In this dust scheme again S is the
DSF to be examined.

2.2.3. Shao size-resolved dust scheme
The amount of emitted dust of size di is calculated as a weighted

average over the particle sizes of d1 and d2:

FðdiÞ ¼
Z d2

d1

Fðdi; dsÞpsðdÞdd ð5Þ

where Fðdi;dsÞ is defined as (Shao, 2004) and ps is:

psðdÞ ¼ cpmðdÞ þ ð1� cÞpf ðdÞ ð6Þ
Fig. 5. Area-averaged volumetric soil moisture (m3 m-3) at 0–10 cm depth, air tempera
2012. WRF-chem simulations are blue dotted lines, ECMWF simulations are green dott
deviation. (For interpretation of the references to colour in this figure legend, the reade
Shao et al. (2011a) simplified this statement and assumed c = 1.
Because of this simplification, pf ðdÞ, the fully disturbed soil particle
size distribution, is omitted in the simplified scheme (Su and Fung,
2015). Consequently, psðdÞ ¼ pmðdÞ, the minimally disturbed soil
particle-size distribution, and is defined as:

pmðdÞ ¼
1
d

XJ

j¼1

wjffiffiffiffiffiffiffiffiffiffiffi
2prj

p exp �ðlnd� lnDjÞ2
2r2

j

 !
ð7Þ

where J is the number of modes,wj is the weight for the j th mode of
the particle size distribution, Dj and are parameters for the log-
normal distribution of the j th mode (Shao, 2004). Considering Eq.
(7), fine dust particles are the main contributors to dust emission
in Shao simulations, discussed later. As documented in the WRF
source code, the Shao dust scheme uses the DSF only to constrain
the boundaries of dust sources instead of using it for scaling dust
emission (as it is the case in GOCART and AFWA schemes).

2.3. Model configuration

The model domain (Fig. 2) is centered on 32� N and 45� E
extending from about 26.5� N to 36.5� N (40 grid points) and from
about 38� E to 52� E (45 grid points) with 40 levels in the vertical
on a Lambert projection. Static geographical fields are interpolated
to the model domain resolution, 10 km, by using the WRF prepro-
cessing system (WPS). NCEP Final Analysis (FNL) 6-hourly data,
with a spatial resolution of 1� � 1�, are used to provide the meteo-
rological initials and boundary conditions. Surface processes are
initialized and predicted by the use of the Noah Land Surface
ture at 2 m and wind speed at 10 m over West Asia during summer months 2008–
ed lines and ESA-CCI soil moisture is red dotted line. Error bars are one standard
r is referred to the web version of this article.)
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model (Chen and Dudhia, 2001) and MM5 similarity scheme
(Beljaars, 1995). According to Lo et al. (2008) and Kumar et al.
(2014), the horizontal winds (if_no_pbl_nudging_uv = 0), water
vapor mixing ratio (if_no_pbl_nudging_q = 0), and temperature
(if_no_pbl_nudging_t = 0) are nudged (grid_fdda = 1) towards the
meteorological fields at all vertical levels. Nudging was necessary
to have realistic meteorological forecast fields throughout the
period (30 days) of the individual forecasts. It is important to note
that the meteorological fields, apart from the dust parameters,
have been practically equal in the control and modified runs since
the dust concentration has a relatively weak feedback on the
Fig. 6. Averaged AODs at 550 nm simulated by control and modified runs of GOCART (A a
reanalyzed DODs from DREAM and MACC. They all are averaged over summertime betw
meteorological fields. The dust parameters have of course not been
subject to nudging. WSM 5-class and YSU are respectively used as
schemes for microphysics (mp_physics = 4) and boundary layer
physics (bl_pbl_physics = 1). Longwave and shortwave radiation
options are set to rrtm scheme (ra_lw_physics = 1) and Goddard
short wave convective (ra_sw_physics = 2), respectively. The
physical parameterization settings are those used in standard
WRF-chem runs and are proven to be robust under a large variety
of meteorological conditions. It is possible that one could achieve
better skills with other physical parameterizations or parameters,
but this has been considered beyond the scope of the study.
nd B), AFWA (C and D), and Shao (E and F). G and H are, respectively, simulated and
een 2008 and 2012.
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Fig. 7. The fraction of clay, acquired from WRF terrestrial inputs, in the study
region.
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WRF-chem simulations are executed twice as control (with
GSF) and modified (WASF) runs for each dust scheme, GOCART
(dust_opt = 1) AFWA (dust_opt = 3), and Shao 2011 (dust_opt = 4
and dust_schme = 3), during summertime (Jun, July and August)
of five years between 2008 and 2012. It is when West Asia has wit-
nessed a significant upsurge of dust storms (Nabavi et al., 2016).
Because WRF is computationally expensive, simulation period
was split to 15 monthly runs. So, both control and modified runs
are monthly reinitialized. We exclude simulations of the first day
of each month as model spin up time.

2.4. Verification data and methods

WRF-chem forecasts dust concentration in the first place. This
parameter is, however, very hard to verify directly. There exist
observation operators, however, that calculate simulated Aerosol
Optical Depth (AOD) at 550 nm from the forecast dust concentra-
tion fields (Chin et al., 2002). AOD can be measured both from
ground based as well as satellite platforms.

The AErosol RObotic NETwork (AERONET) is a worldwide mea-
surement network intended for gathering optical and physical
properties of aerosols. It is commonly used for the verification of
other remotely sensed datasets (Bibi et al., 2015) or model simula-
tions (Ginoux et al., 2001). However, only a small number of AERO-
NET stations are established over the study area, especially over
dust sources. Because of this, additional verifications of simula-
tions are done by the use of two remotely sensed datasets includ-
ing MODIS DB AOD and Multi-angle Imaging SpectroRadiometer
(MISR) AODs at 550 nm. In order to retrieve aerosol optical thick-
ness over bright areas, like deserts, Hsu et al. (2004) developed
DB AOD algorithm. Here we used daily MODIS DB AOD from AQUA
platform named MYD04_L2. This product is accessible at a high-
resolution of 10 km from 2003 to present (http://ladsweb.nascom.-
nasa.gov/data/search.html). The MISR instrument installed on the
TERRA satellite has provided aerosol optical properties over the
oceans and the continents from 1999 to present (Lee and Chung,
2012). Daily MISR AOD 550 nm (MIL3DAE v4) were downloaded
at a resolution of 0.5� by 0.5� from the NASA Goddard online visu-
alization and analysis tool (Giovanni, http://giovanni.
gsfc.nasa.gov/giovanni/). The comparison of these two products
with AERONET AOD has previously shown that they could success-
fully represent the concentration of dust clouds over different
regions (Bibi et al., 2015). In order to check if these results are also
valid for West Asia, DB and MISR AODs are compared with AERO-
NET AOD at 550 nm acquired from four stations (Fig. 3) including
Dhandah (25.5 N and 56.31E), Kuwait University (29.31 N and
47.96E), Solar Village (24.9 N and 46.38E), and Mezaira (23 N and
53.76E). Except Kuwait University, the other three AERONET sta-
tions are out of study area. Fig. 4 shows that both MISR and DB
AODs have got high values of SCCs at all stations. The agreement
of WRF-chem AOD at 550 nm with these two products is measured
through calculation of SCC, Root Mean Square Error (RMSE) (Eq.
(8)) and bias (Eq. (9)):

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

ðAODðWRF�chemÞ � AODðMISRÞÞ2
vuut ð8Þ

Bias ¼ AODðWRF�chemÞ
AODðMISRÞ

ð9Þ

where n is the number of observations.
Since the observation operator applied to WRF-chem dust con-

centrations only provides AOD 550 nm (not DB AOD 550 nm),
RMSE and bias are calculated only for comparisons with the MISR
product and the SCC is calculated for both MISR and MODIS.
The vertical distribution of dust particles in the WRF control
and modified simulations are verified by comparing simulated
extinction coefficients at 550 nm with observations acquired from
Cloud-Aerosol LIDAR and Infrared Pathfinder Satellite Observations
(CALIPSO). CALIPSO is a two-wavelength (532 and 1064 nm) polar-
ization LIDAR that provides profile information of aerosols during
daytime and nighttime for the atmospheric cross section of an
orbit. Because daytime data are affected by sunlight (Adams
et al., 2012), here, only nighttime profiles of extinction coefficients
at 532 nm are used. This product is accessible at vertical and hor-
izontal resolutions of 60 m and 5 km, respectively, and with a revi-
sit time of 16 days from 2006 to present (Ma et al., 2013; Adams
et al., 2012).

In addition to optical observations, the performance of model
predictions is also examined by the use of weather codes of 6 syn-
optic stations located in the northwest of Iraq, as one of the main
dust sources in the region (Fig. 3). To do so, simulated AODs were
categorized as dust and no-dust events and compared against
meteorological dust codes, 6–9 and 30–35 (WMO, 2011). The dust
and no-dust cases are discriminated by applying the threshold of
AOD 550 nm > 0.5 on simulations (Mahowald and Dufresne,
2004). Considering that each dataset (model simulations) has its
own bias to observations, this threshold has been first adjusted
by being multiplied by its bias (Eq. (9)). In the next step a contin-
gency table is prepared between simulated and observed dust
cases. In this method, variables ‘‘a”, ‘‘b”, ‘‘c”, and ‘‘d” represent true
positives, false positives, false negatives, and true negatives,
respectively. True positives are the number of dust events detected
by both synoptic observations and model simulations. False posi-
tives are the number of times where observations, indicate ‘‘no
dust,” but simulations indicate ‘‘dust”. False negatives are the num-
ber of times where synoptic observations indicate ‘‘dust,” but sim-
ulated AODs indicate ‘‘no dust”. True negatives are the number of
times where both datasets indicate ‘‘no dust”. These four elements
provide components of three validation methods: Probability Of
Correct positive Detection (POCD), Probability Of False positive
Detection (POFD) and Peirce Skill Score (PSS) (Ciren and
Kondragunta, 2014). They are defined as follows:

POCDð%Þ ¼ a
aþ c

� 100 ð10Þ

POFDð%Þ ¼ b
bþ d

� 100 ð11Þ
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Fig. 8. For figures A–C and F–H: spatial SCCs of modified (black dotes) and control (red squares) cases against DB (A–C) and MISR (F–H) AODs. Red and black lines are,
respectively, averaged SCC between control cases and observations and averaged SCC of modified cases and observations. For figures D and I: green dots are SCCs between
MACC DODs and observations with an average shown by green line. Blue squares are SCCs between DREAM DODs and observations with an average shown by blue line. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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PSSð%Þ ¼ POCD� POFD ð12Þ
In order to draw an inter-comparison between dust models,

WRF-chem simulations are compared with DOD at 550 nm
acquired from Monitoring Atmospheric Composition and Climate
(MACC) program and Dust Regional Atmospheric Model (DREAM).
At the time, GSF is used as source function for DREAM predictions
(Basart et al., 2012) while it is considered as a constant
(2*10�11 kg s2 m�5) in MACC (Morcrette et al., 2009). Before the
presentation of dust simulations, we will discuss the performance
of WRF-chem in the simulation of soil moisture (at 0–10 cm
depth), air temperature (at 2 m), and wind speed (at 10 m) in the
following section. This is because any changes in these factors
can influence the amount of dust emission and the range of dust
transportation. These kinds of comparisons are normally done by
using ground-based observations. However, because of lack of
observations in West Asia, particularly in Iraq and Syria, we have
acquired above-mentioned data from ECMWF reanalysis dataset
(ERA-Interim) in the resolution of 0.75�. In addition, surface soil
moisture from European Space Agency Climate Change Initiative
(ESA-CCI), with a resolution of 0.25�, was also used as complemen-
tary information in soil moisture analysis. We used the ESA-CCI
COMBINED dataset which is accessible from 1979 to 2014
(Klingmüller et al., 2016).
3. Results and discussion

Compared to ECMWF, WRF-chem underestimated soil moisture
and air temperature whereas this model overestimated wind speed
during study period (Fig. 5). Although ESA-CCI measurements can-
not be taken as the representative of sub-surface soil moisture, as
WRF-chem and ECMWF simulations are, the positive trend of soil
moisture in this dataset is better simulated by WRF-chem than
Fig. 9. The averaged AODs of GOCART modified (GM) and control (GC) dust cases simult
and H, respectively show averaged DB AOD of aforementioned dust cases.
ECMWF. Unlike air temperature and wind speed which have the
same range of variations in both datasets, WRF-chem produced
more variable soil moisture than ECMWF. To sum up, the simulta-
neous overestimation of wind speed and underestimation of soil
moisture by WRF-chem are favorable for dust emission. In fact, if
all other variables are kept constant, WRF-chem overestimations
can result in the overestimation of emitted dust than dust models
which they use ECMWF simulations as inputs. It should be noted,
that the forecast skill and biases of these parameters is very similar
for the control and modified runs of WRF-chem.

Fig. 6 shows averaged AOD 550 nm acquired from WRF-chem
and averaged DOD 550 nm from DREAM simulations and MACC
reanalyzed data. The most obvious feature of all modified runs
(Fig. 6B, D and F) is the underprediction of AOD, compared to con-
trol runs (Fig. 6A, C and E), DREAM (Fig. 6G) and MACC (Fig. 6H)
datasets. While averaged AOD of modified runs, at most, reach to
0.6, it is higher than 1 for other datasets. In fact, the implementa-
tion of WASF, which generally yields smaller erodibility than GSF,
caused a significant decrease in dust emission and, subsequently,
resulting AODs.

In spite of this difference, all runs depict a dust path through the
middle of the study area with a northwest-southeast direction.
This pattern conforms the prevailing wind of the region during
summertime, called Shamal, blowing from northwest to southeast
of Iraq (Hamidi et al., 2013). Moreover, all AODs, except AOD from
the Shao dust scheme, show higher dust intensity in the southeast
of Iraq. It can be attributed to the fact that this region is not only
the origin of dust storms but it is also hit by depositing dust parti-
cles coming from upstream sources in the northwest of Iraq. How-
ever, the location of the highest AOD simulated by Shao scheme is
clearly located inWestern Iraq and east of Syria (Fig. 6E–F). Consid-
ering Eq. (7) and clay fraction data used in WRF-chem (Fig. 7), it
can be concluded that Shao scheme produced the highest AOD over
aneous with high DB-based SCCs (A and C) and low DB-based SCCs (B and D). E, F, G
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Fig. 10. SCCs between DB AOD and control and modified runs of GOCART (A and D), AFWA (B and E), and Shao (C and F). In the same order, MISR–based validations are shown
in figures G and J (GOCART), H and K (AFWA) and I and L (Shao).
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Fig. 11. MISR-based RMSEs of control and modified runs of GOCART (A and D), AFWA (B and E), and Shao (C and F). Corresponding biases are shown in figures G and J
(GOCART), H and K (AFWA) and I and L (Shao).
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the region where there is high percentage of clay in the soil. In fact,
fine-grained soil escalated the amount of pmðdÞ which directly
increased dust entrainment in Western Iraq and east of Syria. It
should be also reminded that this scheme uses source function
only to constrain the boundary of dust sources (not to compute
dust emission). This means that two different erodibility functions
with a same geographical extent will not affect the simulated AOD
of Shao dust scheme. Because of this, Shao modified run simulated
a thin cloud of AOD over areas out of WASF boundaries and a hot-
spot of dust emission in the region intersected between boundaries
of WASF and clayey soil.

In order to examine the effect of GSF and WASF on WRF-chem
performance and compare it with DREAM and MACC, 56 dust cases
are subjectively selected (based on intensity and areal extensity)
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and verified through spatial SCC against DB and MISR AODs at
550 nm (Fig. 8). Because of data gaps in MISR dataset, only 32 cases
(out of 56) were verified against this instrument.

Results show a significant improvement in the accuracy of
WRF-chem predictions after implementation of WASF as source
function in all modified runs. According to Fig. 8A–B and F–H,
most of modified cases (black dotes) got higher SCC against both
remotely sensed observations, than control cases (red squares).
This is accentuated by the averaged SCC of modified cases (black
line) that is always higher than that of control cases (red line).
Further examinations show that AFWA has the best performance
among control runs, with the average of 0.55 (against DB) and
0.54 (against MISR). The best performance, however, is achieved
with the modified GOCART yielding SCCs of 0.65 (against DB)
and 0.63 (against MISR). Although the Shao dust scheme yields
the lowest agreement with observations either among control
runs, 0.13 (against DB) and 0.16 (against MISR), or modified runs,
0.43 (against DB) and 0.46 (against MISR), it got the highest
improvement after modification of source function. The compar-
ison of DREAM and MACCs DODs against DB and MISR AODs
has respectively returned averaged SCCs of 0.46 and 0.35 and
0.43 and 0.55 (Fig. 8D and I). In other words, MACC DOD, with
a trivial difference to AFWA, has the best performance if it is only
verified by MISR AOD and compared to control runs. For other
cases, i.e. verification against DB AOD and comparison with mod-
ified runs, AFWA normal cases and GOCART modified cases yield
the best performance, respectively.
Fig. 12. A and B: SCCs between DB and MISR AODs and MACC DOD, respectively. C and D
bias of DREAM are shown in figures E–H.
In terms of the spread of SCCs, while the standard deviation of
DB-based SCCs of GOCART, AFWA and Shao control cases are 0.22,
0.16, and 0.19, they decline to 0.14, 0.15, and 0.18 in modified
cases, respectively. In the same order, the standard deviation of
MISR-based SCCs has been reduced from 0.36 to 0.17, 0.24 to
0.23 and 0.31 to 0.25. Briefly, the modification of the source func-
tion not only increased the agreement betweenWRF-chem simula-
tions and observations, it also decreased the variation of this
agreement, indicating that the number of bad dust forecasts has
strongly decreased. The spread of SCCs of DREAM and MACC have
increased from 0.14 and 0.22 to 0.33 and 0.24 when the base of
verifications is MISR AOD. In fact, the agreement between MACC
DOD and MISR AOD which yielded the highest SCC shows high
variations, as well.

To investigate reasons causing the spread of SCCs, the AOD
composite of dust cases simultaneous with high and low SCCs
are compared with corresponding observations. Low and high SCCs
were defined as SCCs lower than 0.4 for control runs, MACC and
DREAM and 0.5 for modified runs and higher than 0.7 for all data-
sets, respectively. Although this analysis has done on all dataset, to
avoid redundancy, the comparison of GOCART simulations and DB
AOD are shown here. Of 56 studied dust cases, 5 simulated cases of
all datasets (WRF, DREAM, and MACC) on 24 August 2008, 14 July
2009, 23 July 2009, 7 June 2012, and 31 July 2012 have low agree-
ment with DB AOD. The simultaneous reduction of accuracy in all
datasets implies the presence of inaccuracies in observations.
Further examinations revealed that it is caused by the position of
are MISR-based RMSE and bias of this product. In the same order, SCCs, RMSE and



Fig. 13. Scatter plots between AOD 550 nm of Kuwait University AERONET station and control (red dots) and modified (green dots) runs of GOCART (A), AFWA (B) and Shao
(C) schemes. Scatter plots of MACC (blue dots) and DREAM (black dots) DODs 550 nm and AERONET AOD 550 nm are shown in D. Distribution of control and modified AODs
are respectively shown by yellow and purple curves in figures A–C. It is black and white, respectively, for DREAM and MACC in D and it is red for AERONET in A–D. Solid lines
are regression line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 14. The validation ofWRF-chem AODs and DREAM andMACC DODs with dust codes of 6 synoptic stations in the north west of Iraq via the numbers of correct (POCD) and
false (POFD) detections and skill score (PSS) acquired from contingency table.

Fig. 15. A: Nighttime CALIPSO paths. B: the zonal average of CALIPSO extinction coefficient at 532 nm between 34E to 52E over the study period.
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dusty pixels in the margin of MODIS senses. In fact, the increase of
sensor zenith angle, defined as the angle between the satellite and
a line perpendicular to the Earth’s surface at the view point,1

decreased the accuracy of observed DB AOD. Fig. 9A and C are the
averaged AODs of control and modified cases which are highly cor-
related (SCC > 0.7) with corresponding DB AODs shown in 9-E and
9-G, respectively. According to these figures, high SCCs are recorded
for those cases in which dust clouds formed over areas with high
erodibility (dust sources) defined in GSF and WASF, respectively. In
contrast, low correlated control and modified dust cases, shown in
Fig. 9B and D, seem to be affected by the mismatch of dust hotspots
against corresponding observations (Fig. 9F and 9-H). Conclusively,
the higher number of highly correlated cases of modified runs
(Fig. 8) indicated that WASF could more accurately represent the
location of dust formation than GSF. It is worth noting that the per-
formance of WASF during 2008 is not as good as the rest of study
period. This seems to be because of an unprecedented drought in this
year which turned all Iraq’s plains into dust-prone areas (Trigo et al.,
2010). The extraordinary expansion of dust sources resulted in a rel-
atively erroneous performance of WASF (Fig. 9D) which is based on
the climatology (not extreme events) analysis of dust storms.

In addition to case-by-case analysis, temporal SCC is computed
over the whole study period. As is the case with spatial SCC,
1 http://www.seaspace.com/technical/protected/html/man1/angles.html
temporal SCC between dust cases and observations increased after
the use of WASF in all three dust schemes. The comparison of sim-
ulations with DB and MISR AODs are shown in Fig. 10A–F and G–L,
respectively. Verifying against DB AOD, the best results belong to
GOCART modified run especially over WASF-defined dust sources
in northwest and southeast of Iraq (Fig. 10A VS. D). This relative
improvement can be also seen in AFWA (Fig. 10B VS. E) and even
Shao (Fig. 10 VS. F) modified runs. The pattern of SCC is different
in verifications against MISR AOD and no significant improvement
is seen in the southeast of Iraq. This can be because of low spatial
(0.5 degree) and temporal (global coverage in 9 days) resolution of
MISR AOD and its sensitivity to surface reflectance which is high
over deserts area of southern Iraq and east of Saudi Arabia. How-
ever, MISR-based verification also affirms that the performance
of WRF-chem improved in the north and northwest of study area.

Unlike temporal SCC, MISR-based RMSEs (Fig. 11A–F) and
biases (Fig. 11G–L) of simulations indicate the better performance
of GOCART (Fig. 11D) and AFWA (Fig. 11E) modified runs over the
southeast of study area. Although RMSE of Shao modified cases
(Fig. 11F) got lower values over the hotspot of this scheme, in
the west of Iraq and east of Syria, it did not change over the rest
of region. As expected, all modified runs underestimate (bias < 1)
AOD in almost whole study area except the main dust sources.
Oppositely, control runs have yielded overestimation (bias > 1)
which reaches the highest values over the south east of Iraq and
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Fig. 16. A, C and E: the zonal average of extinction coefficient at 550 nm acquired from control runs of GOCART, AFWA and Shao between 34E to 52E over the study period. B,
D, and F: As before but for modified runs.
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Kuwait. Having done analyses above on MACC (Fig. 12A–D) and
DREAM (Fig. 12E–H) DODs, the DB-based SCC of MACC DOD shows
that this product has a good performance over the west of the
study region, but much less so over dust sources and paths in Iraq.

However, MACC DOD has yielded the lowest MISR-based RMSE
and bias over the whole region. DB-based SCC of DREAM DOD indi-
cates that this model has an acceptable performance over deserts
areas of Saudi Arabia and, to some extent, in the northwest and
southeast of Iraq, whereas MISR-based SCC, RMSE and bias show
the increase of uncertainties approaching the southeast of the
region.

In order to make sure that the above-mentioned discrepancies
in MISR and DB-based analyses are only caused by differences in
instrumental specifications, WRF-chem simulations are a com-
pared to ground-based observations. All datasets are validated by
the only AERONET station (Kuwait University station) in the study
area and 6 meteorological stations in the northwest of Iraq.
According to Fig. 13, the Pearson Correlation Coefficient (PCC) of
AERONET AOD and GOCART simulations (Fig. 13A) increased (from
0.28 to 0.45) after using WASF. In addition, AFWA (Fig 13B) and
Shao (Fig 13C) modified runs have yielded approximately the same
correlations to control runs. Finally, the higher correlation of
DREAM DOD with DB AOD than that of MACC is replicated in the
correlation between DREAM and AERONET datasets (Fig. 13D).
The comparison of AOD distributions between simulations and
AERONET observations (red curves in Fig. 13A–D) reconfirms that
all modified runs (purple curves in Fig. 13A–C) underestimated
AOD. Conversely, the distribution of AODs simulated by control
runs (yellow curves in Fig. 13A–C) has better agreement with
observations. Fig. 13D shows that the distribution of DREAM
AOD (black curve) is much closer to reality than MACC (white
curve) and all other simulations. This is quantitatively presented
by corresponding RMSEs and biases.

As explained in Section 2, the validations of aforementioned
datasets against dust codes of meteorological stations is done by
using three parameters acquired from contingency table including:
POCD, POFD and PSS (Fig. 14). Concerning the number of correct
detections, modified GOCART got the highest percentage of POCD
(45.8%) and Shao control run has received the least POCD of 28%.
The highest and lowest false detections belong to MACC (51.15)
and modified AFWA (11.88), respectively, which confirms findings
of DB-based SCCs (Fig. 12A). Because of having high false detec-
tions, MACC and Shao bearded the lowest PSS (skill score). Con-
versely, low number of POFD increased the skill score of
modified GOCART and AFWA runs. In fact, these two runs produced
the most accurate results and MACC got the poorest performance
over the northwest of Iraq, regarding both correct and false detec-
tions. Finally, the comparison of remotely sensed observations
indicates that, as expected, DB AOD has higher accuracy (PSS) than
MISR AOD.

In the last step of the study, we aim to verify also the vertical
dust distribution in WRF-chem simulations by comparing simu-
lated extinction coefficients with CALIPSO 532 nm extinction coef-
ficient profiles. Considering low observation frequency of CALIPSO



Fig. 17. Spatio-temporal SCC of WRF-chem extinction coefficient (km -1) at 550 nm
with corresponding quantities produced by CALIPSO during study period over 75
vertical levels between land surface to 4 km. Values in the box on top left are the
average of spatio-temporal SCCs through vertical levels between CALIPSO and
Ginoux Modified (GM) and Control (GC) runs, AFWA Modified (AM) and Control
(AC) runs and Shao Modified (SM) and Control (SM) runs.
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(18 passes during study period), SCC between simulations and
CALIPSO observations is calculated across time and space. Because
we did not have access to needed data2 for interpolating MACC and
DREAM datasets to the same spatial resolution of CALIPSO, only
WRF-chem simulations are tested. Fig. 15A shows the nighttime
paths of CALIPSO bounded by study area. The zonal average of
CALIPSO extinction coefficient at 532 nm (Fig. 15B) shows two main
hotspots located between 31 N to 33 N and lower than 29 N. It seems
that the former are dust plumes which are locally originated from
the southeast of Iraq and advected from upstream dust sources in
the northwest of study area. The second hotspot, which is more
intensive, formed over deserts areas of Saudi Arabia and Kuwait.

At first glance, a significant difference is observable between
concentration and vertical distribution of modified simulations
and observations. While the concentration of observed extinction
coefficients increased to around 0.3 over dust hotspots, the highest
modified simulations are around 0.1 (Fig. 16B–D–F). In addition,
the vertical extent of simulated extinction coefficient is not more
than 1 km, whereas it reaches to more than 3 KM in CALIPSO pro-
files. It is escalated in Shao modified run with a thin dust cloud
formed around 34 N which is, however, compatible with 2-
dimensional analysis (Fig. 6F). In fact, the significant reduction of
dust emission of modified runs, caused by less grade of erodibility
in WASF, is also reflected in vertical distribution of dust storms. In
spite of dissimilarities between modified runs and CALIPSO pro-
files, the quantitative comparison indicated that modified simula-
tions have higher agreement with observations than control runs
(Fig. 16A–C–E). As the spatio-temporal SCC of simulations of
GOCART, AFWA and Shao dust schemes increased respectively
from 0.26, 0.41, and 0.24 to 0.42, 0.42, and 0.31 after the imple-
mentation WASF. However, the level of agreement decreases when
spatio-temporal SCCs are calculated separately over vertical levels
through time. According to Fig. 17, spatio-temporal SCCs of both
modified and control runs are less than 0.3 over most of the
vertical levels. While all runs get highest agreement with
observations around 1 km, modified runs reach another peak
around 2.5 km. Despite the fact that comparison of WRF-chem
outputs and CALIPSO observations indicates the poor performance
of WRF-chem in the simulation of vertical distribution of extinc-
2 MACC does not provide extinction coefficient at vertical levels. DREAM extinction
coefficient 550 nm is not accompanied by pressure or elevation data needed for
interpolation.
tion coefficient, the simulations of all three dust schemes improved
after modifications.
4. Conclusion

A climatological study on dust storms of West Asia (Nabavi
et al., 2016) showed that northwest and southeast of Iraq and east-
ern Saudi Arabia are the main dust sources of the region. According
to preliminary studies, these regions are not well depicted by
topography-based Ginoux source function (GSF), currently used
in WRF-chem simulations. Hence, this study aimed to propose a
local source function, called WASF, that was implemented in three
dust schemes of WRF-chem. In order to evaluate the effect of WASF
on WRF-chem performance, the simulations of control and modi-
fied runs were compared against remotely sensed observations,
including MODIS DB AOD and MISR AOD at 550 nm and profile
data of CALIPSO extinction coefficient at 532 nm. Results clearly
show that WRF-chem performance, regardless of which dust
scheme is considered, is significantly improved after the imple-
mentation of WASF. As an example, while the comparison of 56
control dust cases of GOCART, AFWA and Shao runs with DB AOD
yielded the averaged spatial SCCs of 0.44, 0.55 and 0.13, they
increased respectively to 0.65, 0.63, and 0.43 in modified runs.
Although the use of WASF improved RMSE and bias of simulations,
especially in GOCART outputs, because of its general reduction of
erodibility than GFS, a significant underestimation is found in all
modified simulations. The inter-comparison of WRF-chem simula-
tions with DREAM and MACC DODs shows that modified runs out-
performed these well-known datasets over dust source areas,
while these two datasets have a better performance over the rest
of region. These results are corroborated by the validation of all
studied datasets with ground-based observations acquired from
AERONET station in Kuwait and synoptic stations in the northwest
of Iraq. The vertical validation of WRF-chem simulations affirms
that modified runs have higher agreement with CALIPSO extinction
coefficient 532 nm. This comparison has yielded SCCs of 0.26 0.41,
and 0.24 for control runs and 0.42, 0.42, and 0.31 for modified runs
of GOCART, AFWA and Shao dust schemes, respectively. However,
the level of agreement decreases if spatio-temporal SCCs are calcu-
lated separately over vertical levels through time.

Although the use of WASF could improve the performance of
WRF-chem especially over dust sources, it still faces with high
uncertainty over the rest of study area. This can be because of
unknown dust sources in other parts of West Asia. In fact, WASF
only considered pixels as dust sources where dust frequency
exceeds empirical thresholds. This means that there can be plenty
of dust sources which are omitted by WASF. We also hypothesize
that possible uncertainties in soil moisture data, as a critical
parameter for the determination of erosion threshold, limits the
performance WRF-chem. We assume that the transportation of
dust away from the surface as well as the deposition models in
WRF-chem need improvement. This is, however, beyond the scope
of this study.
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This chapter is to test Hypothesis 3. Various variable datasets and different 

types of FSC are examined to determine the most influential factors of dust 

formations needed for building MLAs. This step of the study aims to prepare a 

comparative examination of MLAs and DMs for the prediction of dust 

abundance in West Asia. Using MODIS DB as the response variable, results 

show that MLAs, even with standard settings, especially SVM and MARS, have 

significantly outperformed DMs. In addition, SF found to be critical in the 

prediction accuracy of MLAs.    
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Abstract1  10 

Because of the lack of ground-based observations, mineral dust is mainly monitored by using 11 

remote sensing techniques that in most cases deliver Aerosol Optical Depth (AOD) at 550nm 12 

as a product that can be considered as observation. AOD is also predicted by so-called dust 13 

models (DMs), which are numerical weather prediction models that are extended to predict not 14 

only standard meteorological variables but also concentration of dust. AOD is calculated in 15 

DMs from 3D dust concentration fields using an observation operator that describes the 16 

complex interaction between dust and solar radiation. The skill of DMs in reproducing 17 

remotely sensed observations on monthly time scales over West Asia is rather limited due to 18 

significant uncertainties in inputs and complexity of dust.  19 

Machine Learning Algorithms (MLAs), which require much less computational expenses than 20 

DMs, can be used for monthly dust forecasts as well. MLAs focus on the statistical 21 

relationships between potential predictors, such as soil erodibility and wind speed, and the 22 

predicted variable, in this case AOD. The importance of the predictors for AOD forecasts is 23 

evaluated during an extensive training period (2003-2010). During the feature selection 24 

process, the dust source function turned out to be the most important factor in dust prediction 25 

whereas some less important predictors could be pruned.  26 

                                                           
Abbreviations: DMs, Dust Models; MLAs, Machine Learning Algorithms; DB, Deep Blue; FSC, Feature 

Selection Criteria; MARS, Multivariate Adaptive Regression Splines; SVM,  Support Vector Machines; MLR, 

Multiple Linear Regression; ANN, Artificial Neural Networks; RF, Random Forest; DUP, Dust Uplift Potential; 

SM, Soil Moisture; ST, Soil Temperature; SF, Source Function; WASF, West Asia Source Function; SPEI, 

Standardized Precipitation-Evapotranspiration Index;  PCC, Pearson Correlation Coefficient; SCC, Spearman 

Correlation Coefficient; MI, Mutual Information; RFE, Recursive Feature Elimination. 
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For a testing period (2011-2013) the performance of two DMs and five MLAs was compared 27 

using Moderate Resolution Imaging Spectroradiometer (MODIS) Deep Blue (DB) AOD as the 28 

representative of response variable. MLAs, especially Multivariate Adaptive Regression 29 

Splines (MARS) and Support Vector Machine (SVM), outperformed DMs on monthly time 30 

scales. In addition, findings disclosed that DMs, especially MACC, have failed to simulate the 31 

amount of dust over western Iran where the Zagros Mountains prevent advection of dust clouds 32 

to the east of the study area. High prediction errors of MLAs and DMs along with major DB 33 

AOD peaks can be traced back to the rough resolution of variable datasets, uncertainties in dust 34 

emission regulated by the dust source function, omission of some unknown influential factors 35 

and the scarcity of extreme cases. It also remains to be tested in how far the results presented 36 

can be generalized to other regions.  37 

 Keywords: Machine learning algorithms; Deterministic models, Dust Models; Feature 38 

selection criteria; Dust Source Function.  39 

1. Introduction 40 

Numerical weather prediction models which simulate dust’s lifecycle, including emission in 41 

sources, transport in the atmosphere, and wet and dry deposition, are referred to as Dust Models 42 

(DMs) (Tegen, 2003). They are classical tools for the prediction of dust storms (Marticorena 43 

and Bergametti, 1995, Liu et al., 2007, Kumar et al., 2014). For short-range (up to three days) 44 

operational forecasts where there is nearly complete theoretical knowledge about the nature of 45 

the relationships between prognostic variables and boundary conditions, they are quite 46 

powerful prediction tools. The improvement of DMs’ structure and computational power will 47 

assist their strong physical basis for more accurate short-term predictions in the forthcoming 48 

years (Taheri Shahraiyni and Sodoudi, 2016).  49 

While near-surface aerosol concentrations are the most important output of such models, since 50 

those affect human health, they are rarely observed over West Asia with sufficient accuracy 51 

and frequency and thus are of limited use for model validation. Monthly mean AOD is another 52 

important output parameter which, besides being relevant for climate, is well observed by 53 

satellites and is therefore a valuable benchmark for any method trying to predict it. So far DMs 54 

still have difficulties reproducing AOD on a monthly time scale because of limitations in both 55 

model formulation and observation operators (Liu et al., 2011a).  56 

DMs are not the only way to predict monthly mean AOD. As any observable AOD can be seen 57 

as stochastic variable that depends on several potential predictands such as soil moisture, 58 



 

temperature or wind at least in a statistical sense.  These dependencies can be estimated if there 59 

exists a significant number of observations of both predictors and predictands. Machine 60 

Learning Algorithms (MLAs) have shown promising performance inferring such relationships, 61 

particularly in engineering problems, for more than three decades (Carbonell et al., 1983, 62 

Cortes and Vapnik, 1995, Kotsiantis et al., 2007, Hempel et al., 2012, Abbasi et al., 2014, 63 

LeCun et al., 2015). MLAs can identify the underlying behavior of a system from long-term 64 

observations at relatively low computational cost (Lary et al., 2016). MLAs are already used 65 

for the prediction of air quality in urban areas (Taheri Shahraiyni and Sodoudi, 2016) and have 66 

also been applied to the adjustment of satellite AOD (Hyer et al., 2011, Albayrak et al., 2013) 67 

to have a better fit to ground-based observations.  68 

However, to the best of our knowledge, there has so far been no scientific attempts to predict 69 

monthly mean AOD over a whole region through MLAs. Yet we consider such an effort very 70 

useful (i) to demonstrate the feasibility of using MLAs for predicting monthly mean AOD, (ii) 71 

to detect the most influential predictors, (iii) to check whether the estimated dependencies 72 

between predictors and AOD can be found also in DMs. This might help improving DMs which 73 

are known to be deficient in predicting monthly mean AOD, at least over West Asia.  74 

A rather large class of algorithms may be referred to as Machine Learning Algorithms. 75 

Probably the best known way to estimate statistical relationships between predictors and 76 

predictands is Multiple Linear Regression (MLR). Klingmüller et al. (2016) modeled annual 77 

Deep Blue (DB) AOD as the representative of vertically averaged dust concentration, in a 78 

coarse resolution of 2 degrees using different predictors and MLR. In order to evaluate the 79 

importance of predictors, they applied the Akaike Information Criterion (AIC). Results point 80 

to soil moisture as the dominant factors for AOD over dust sources in Saudi Arabia and Iraq. 81 

Yu et al. (2015) used a similar technique for seasonal prediction of dust storms. They predicted 82 

seasonal dust activity in Saudi Arabia as a function of antecedent-accumulated rainfall over the 83 

Arabian Peninsula and North Africa, and antecedent-averaged SST of Mediterranean Sea, 84 

tropical eastern Pacific and Indian oceans. Temporal correlations of 0.7 and 0.74 between 85 

predictions and observations could be achieved for summer and spring, respectively. 86 

Kaboodvandpour et al. (2015) have compared the performance of MLR in dust prediction with 87 

Artificial Neural Networks (ANN), and Adaptive Neuro-Fuzzy Inference System (ANFIS). 88 

They have chosen PM10 > 200 μg m-3 at Sanandaj station (dust receptor in Iran) as the indicator 89 

of dust occurrence (response variable). The meteorological variables, including air pressure, 90 

temperature, humidity, wind speed, and wind direction, from the station Damascus (dust source 91 



 

in Syria), on the day before the storm observed at Sanandaj station during 2009-2011, have 92 

been taken as predictors. Results show that ANN and ANFIS have yielded the highest 93 

agreement (the highest coefficient of determination (R2) = 0.86) and the highest consistency 94 

(the lowest Root Mean Squared Error (RMSE) = 0.07) with observations, respectively, whereas 95 

MLR has performed poorly (R2  = 0.416 and RMSE = 0.0965). 96 

Although the discussed studies could shed light on the applicability of MLAs in dust prediction, 97 

the determination of an efficient MLA based prediction tool requires the inter-comparison of 98 

different MLAs over a long-term period. The low spatial and temporal resolutions of MLA 99 

predictions are other shortcomings of existing research work. In addition, there is a lack of 100 

comparative studies evaluating DM and MLA performance in dust prediction. Finally yet 101 

importantly, it seems that the research on this subject so far underestimated the importance of 102 

feature selection criteria (FSC) needed for developing MLAs. Selection of predictors has 103 

mostly been based on simple correlations between predictors and response variables or based 104 

on expert judgment.  105 

The present study aims to make a more comprehensive and objective comparison of AOD 106 

prediction methods for West Asia. Output from five MLAs and two DMs has been compared 107 

at higher spatial and temporal resolutions than can be found in the literature. The input variables 108 

of MLAs have been selected by considering the results of different FSC. The descriptions of 109 

research data and methods are presented in section 2. Section 3 and 4 are allotted to results and 110 

conclusions, respectively.  111 

2. Data and methods 112 

The setup of MLAs requires access to long-term measurements of response variable and 113 

nominated predictors. The general process of MLA training and prediction is shown in figure 114 

1.  115 



 

 116 

2.1. Figure 1 Flow chart of MLA prediction. During the training process parameters are 117 

automatically optimized using cross validation until the final model is defined. This model 118 

is applied to the test set. Variable datasets 119 

Since MLAs require a significant number of observations for training, the first priority is to use 120 

observation datasets with high spatial and temporal resolution. In addition, dust storms are the 121 

result of complex interactions between atmosphere and land surface, so its predictors should 122 

be also representatives of both environments. In this study, the Moderate Resolution Imaging 123 

Spectroradiometer (MODIS) DB AOD (Hsu et al., 2004) collection 6 (Sayer et al., 2014) is 124 

chosen as long-term record of dust quantity in West Asia (Fig. 2-A).  125 



 

 126 

Figure 2 Fraction of missing data of AQUA (A) and TERRA (B) DB AOD between 2003 and 2013. The red 127 
spots in the middle of Iraq are related to water reservoirs behind major dams (e.g. Mossul dam). 128 

While TERRA DB AOD (Fig. 2-B) is available since 1999, we used MODIS daily DB AOD 129 

from the AQUA platform, available since 2003, since it has much less missing data. The spatial 130 

resolution is 10 km. In figure 2, the color portion shows the study area located between latitudes 131 

29 °- 37 ° N and longitudes 39 ° - 49 ° E.  132 

For training and application of the MLAs, we apply the natural logarithm to DB AOD data to 133 

make the data distribution more symmetric. This transformation reduces the negative effect of 134 

high extreme values on MLA predictions, as will be discussed later. This implies, however, 135 

that the MLAs also predict the logarithm of DB AOD, which has to be transformed back (with 136 

the exponential function) in order to compare it with observed AOD. 137 

A general insight into the influential factors which are governing the dust cycle is needed as 138 

first step to develop MLAs. In other words, we first need to roughly determine those factors 139 

which are of high importance in dust emission, transportation, and deposition. Some of these 140 

potential predictors may, however, be redundant and should be eliminated afterwards by FSC 141 

(subsection 2.2). Following the literature and the authors’ experiences, nine environmental 142 

parameters are chosen as potential predictors for dust: (i) 10m wind, (ii) vertical velocity 143 

(omega), (iii) soil temperature, (iv) albedo, (v) soil moisture, (vi) precipitation, (vii) vegetation 144 

cover, (viii) drought intensity, and (ix) susceptibility of dust emission. The first four parameters 145 

are acquired from the European Centre for Medium-Range Weather Forecasts (ECMWF) 146 

ERA-Interim reanalysis dataset, accessible from 1979 to present, with a grid resolution of 0.75 147 

degrees (Dee et al., 2011). The low-level horizontal erosive speed of air parcels is represented 148 

by Dust Uplift Potential (DUP) at 10 m. According to Cowie et al. (2015), DUP is calculated 149 

as follows: 150 
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Equation 1                                    𝐷𝑈𝑃 = {𝑈3(1 +
𝑈𝑡

𝑈
)(1 +

𝑈𝑡
2

𝑈2
),       𝑖𝑓 𝑈 >  𝑈𝑡 

0,                                          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
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where 𝑈 is wind speed at 10 meter and 𝑈𝑡 is a threshold for dust emission. Here 𝑈𝑡 is defined 152 

as the long term average of 10-meter wind speed simultaneous with DB AOD > 0.7. We also 153 

expect that the uplift from near the surface to higher levels is related to omega at 850 hPa from 154 

ERA-Interim, therefore we include this field as predictor as well. The top layer (1-7cm) soil 155 

temperature is provided by the ERA-Interim “soil temperature level 1” (ST) parameter which 156 

is available every three hours. Surface albedo from ERA-Interim is used to feed the high surface 157 

reflectance of dust-prone areas into MLAs. All mentioned ECMWF datasets are analyses at 6 158 

am (around 9 am local time). The selection of this time of the day is because visual examination 159 

of MODIS images shows that the first dust plumes of study area are mostly formed in the early 160 

morning. European Space Agency Climate Initiative (ESA-CCI) has provided daily surface 161 

soil moisture (SM) based on satellite mounted active and passive microwave sensors. In this 162 

study, the COMBINED data set, on the grid resolution of 0.25 degree, is used (Liu et al., 2011b, 163 

Liu et al., 2012, Wagner et al., 2012). Precipitation has been taken from the Global Precipitation 164 

Climatology Centre (GPCC) dataset (Schneider et al., 2011). It provides monthly 0.5° × 0.5° 165 

precipitation (Total Full V7) from quality controlled station data during 1901 to 2013. In order 166 

to incorporate the variations of vegetation cover in dust predictions, we have used the 167 

normalized difference vegetation index (NDVI) dataset from the Global Inventory Modeling 168 

and Mapping Studies (GIMMS), called NDVI3g. Tucker et al. (2004) have provided this 169 

refined product from 15-day maximum NDVI values. NDVI3g, derived from AVHRR sensor 170 

data of NOAA 7 to 18 satellites, has 1/12° spatial and bi-monthly temporal resolutions and it 171 

covers the time period from 1981 to 2015. The impact of successive droughts on dust outbreaks 172 

is considered by using the 9-month aggregated Standardized Precipitation-Evapotranspiration 173 

Index (SPEI). SPEI is a simple measure of the water surplus or deficit that is calculated based 174 

on the monthly (or weekly) difference between precipitation and potential evapotranspiration 175 

(Vicente-Serrano et al., 2010).  176 

The uneven potential of dust emission in arid areas necessitates the use of a spatially varying 177 

dust Source Function (SF) in dust models. In fact, SF allocates a certain potential of dust release 178 

to each place. Following Nabavi et al. (2016), we have used the West Asia Source Function 179 

(WASF) which is determined from the long-term study of Aerosol Index (AI) and MODIS DB 180 

AOD (Fig. 3-A). They have analyzed AI for the large-scale, binary determination of dust 181 



 

sources. Subsequently, the potential of identified sources is quantitatively defined as the long-182 

term fraction of dust occurrence determined by DB AOD > 0.7.  183 

 184 

Figure 3 A and B are respectively the original (Nabavi et al., 2017) and modified WASF, calculated based on the 185 
fraction of dust occurrence. C depicts the source function as used by MACC (in units kg s2 m-5).  186 

In comparison with original WASF, we made two modifications. First, the threshold of dust 187 

occurrence within dust sources was decreased to 0.6 (instead of 0.7) to detect any active dust 188 

sources. Second, we considered the possibility of dust occurrence away from major dust 189 

sources by applying a dust threshold DB AOD > 0.8 for these regions (Fig 3-B). They got 190 

higher thresholds (than major dust sources) to make sure that high AOD over these areas is not 191 

because of transporting dust originated from upstream dust sources. The original WASF 192 

assumes no dust emission out of dust sources, which is likely too stringent. It is worth 193 

mentioning that all discussed datasets are interpolated or aggregated to a 0.25 degree and, if 194 

needed, are averaged to get monthly means. It should be noted that all MLAs and the Weather 195 

Research and Forecasting Model coupled with chemistry (WRF-chem) applied here use WASF 196 

as source function whereas The Monitoring Atmospheric Composition and Climate (MACC) 197 

uses source functions shown in panel C of Fig. 3.  198 

The study period is the warm months of the year (Apr-Sep) between 2003 and 2013. In these 199 

months dust storms are most frequent in West Asia (Boloorani et al., 2014) and all datasets are 200 

available. Figure 4 shows that the MODIS DB Angstrom exponent is less than 1, which is used 201 

as a criterion to discriminate dust particles from other types of aerosols (Dubovik et al., 2002), 202 

over most of the study area. DB Angstrom exponents more than one occur in the Northeast of 203 

the study region, where the Zagros Mountains act as barrier against the entrance of dust 204 

particles to the west of Iran. The two partitions of 2003 to 2010 and 2011 to 2013 are chosen 205 

as training and test sets, respectively.    206 
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Figure 4: Averaged DB angstrom exponent as defined in Dubovik et al., (2002) during warm months (Apr-Sep) 208 
of 2003 to 2013. DB angstrom exponents less than 1 indicate that the aerosol mostly consists of dust. 209 

2.2. Feature selection criteria (FSC) 210 

Machine learning algorithms generally optimize the combination of potential predictors to get 211 

the best statistical forecasts of a particular predictand, in our case DB AOD. Computational 212 

expense of MLAs is extremely sensitive on the number of predictors. The process of feature 213 

selection aims to choose the optimal set of predictors from a (much) larger set of potential 214 

predictors. Regardless of which MLAs are used for prediction, feature selection is a critical 215 

step, which has a direct effect on the level of accuracy and, at the same time, complexity of 216 

model. It also regulates the generalizability/overfitting of MLAs. This process is now described 217 

with the advisable brevity. 218 

The FSC are principally categorized into filter, wrapper, and embedded types. Filter-type 219 

methods estimate the importance of explanatory variables regardless of the model performance. 220 

These methods are computationally effective and robust against overfitting. However, the 221 

relationships between potential features are neglected by filter-type methods, which can result 222 

in the selection of redundant predictors. Therefore, they are mainly used as preprocessing 223 

methods (Chandrashekar and Sahin, 2014). Pearson correlation coefficient (PCC) and Mutual 224 

Information (MI) are two well-known filter-type methods. Correlation ranking simply 225 

considers the linear relationship between each predictor 𝑋𝑗 and response variable 𝑌: 226 

Equation 2                                                𝑃𝐶𝐶(𝑗) =
𝑐𝑜𝑣(𝑋𝑗,𝑌)

√𝑣𝑎𝑟(𝑋𝑗)×𝑣𝑎𝑟(𝑌)
 227 

where 𝑐𝑜𝑣 and 𝑣𝑎𝑟 represent the covariance and variance, respectively. MI is the measure of 228 

a relationship between two random variables that are sampled simultaneously (Paninski, 2003). 229 

In other words, MI measures how much information random variables have about each other 230 



 

(Eq. 3). Zero MI means predictor 𝑋𝑗 and response variable 𝑌 are independent whereas high MI 231 

indicates that there is large amount of information shared. The MI of two continuous variables 232 

𝑋𝑗 and 𝑌 whose joint distribution is defined by P (𝑥𝑗, y) is as follows; 233 

Equation 3                              𝑀𝐼(𝑋𝑗, 𝑌) = ∫ ∫ 𝑃(𝑥𝑗 , 𝑦)𝑙𝑜𝑔
𝑃(𝑥𝑗,𝑦)

𝑃(𝑥𝑗)𝑃(𝑦)
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𝑌
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𝑃(𝑥𝑗) and 𝑃(𝑦) are the marginal distributions of  𝑋𝑗 and 𝑌.  235 

Unlike filter-type methods, wrapper-type methods evaluate the performance of variable subsets 236 

which helps to recognize the possible interactions between variables (Chandrashekar and 237 

Sahin, 2014). Wrapper-type methods consider the predictors and model performance, 238 

respectively, as the inputs and the output to be optimized. Recursive Feature Elimination (RFE) 239 

is one of the most commonly used wrapper-type methods. To implement this algorithm the 240 

given model is first executed with all predictors. Then, the importance of each predictor is 241 

separately determined by applying ranking methods which differ from model to model. 242 

Random forest (RF) and Multivariate Adaptive Regression Splines (MARS) have built-in FSC 243 

(discussed in subsection 2.2), whereas ANN and MLR use combinations of the absolute values 244 

of the weights and the absolute value of the “t” statistic for each model parameter, respectively. 245 

Support Vector Machines (SVM) consider coefficient of determination (R2) for ranking 246 

predictors. This statistic is calculated by fitting a LOESS (LOcally wEighted Scatter-plot 247 

Smoother) between the response variable and the predictors  (Kuhn, 2012a). Having 248 

determined the importance of each variable, the top ranked subset of variables is iteratively 249 

used as the input to refit. In figure 5, the importance of variable subsets is represented by S. It 250 

is the sequence of importance-ordered numbers which are candidate values for the number of 251 

predictors to retain (S1 > S2,…).  The performance of each subset is assessed and the value of 252 

Si with the best performance is determined to fit the final model (Kuhn, 2012b). RMSE, 253 

calculated between predictions and observations over the study area, is used as criterion to 254 

evaluate the model performance and, subsequently, variable subsets.  255 



 

 256 

Figure 5  Flow chart of recursive feature elimination (RFE, (Kuhn, 2012b)).  257 

The applicability of wrapper-type methods is limited because of two main issues. The risk of 258 

over-fitting increases when the number of observations is insufficient. On the other hand, these 259 

methods are computationally expensive when dealing with a large number of inputs. 260 

Embedded-type methods are recently proposed as compound algorithms, which utilize the 261 

advantages of both previous methods. They can significantly reduce the computation time 262 

required by wrapper methods (Chandrashekar and Sahin, 2014). This is because wrapper 263 

methods find the final model by the evaluation of multiple variable subsets against model 264 

performance whereas embedded methods evaluate the number of subsets already reduced as 265 

part of the training process. Battiti (1994) defined the optimal subset as a variable subset in 266 

which maximum and minimum MI occur respectively between each feature and the output and 267 

newly selected feature and so far selected futures. Figure 6 shows the differences between 268 

embedded-type methods and two other types.   269 



 

 270 

Figure 6 Flow charts of three types of FSC (Hamon, 2013). 271 

Since embedded-type methods consider the feature selection step as a main part of MLAs, we 272 

will discuss them in the next subsection.  273 

2.3. Machine learning algorithms  274 

In this subsection, first we discuss RF and MARS which utilize two different embedded-type 275 

methods for feature selection. They will be followed by three other machine learning 276 

algorithms, including SVMs, ANN, and MLR, which have no built-in FSC.   277 

 Random forest 278 

Breiman (2001) proposed RF as an ensemble of decision trees algorithm. The latter is to 279 

increase the predictability of output by splitting observations (root nodes) into new classes 280 

(sub-nodes). It evaluates the splits of all available variables at each node and, then, it selects 281 

the split (variable) which results in less inhomogeneity. This is repeated recursively until data 282 

has been categorized into homogenous groups. However, the prediction of response value 283 

through a single tree mostly yields high bias and/or variance (over-fitting). To deal with this 284 

problem, RF constructs numerous trees using different bootstrap (Efron and Tibshirani, 1994) 285 

samples of the data. In addition, it adds an additional layer of randomness by choosing the 286 



 

potential variable among a subset of predictors. In regression problems, the feature with the 287 

least residual sum of squares (RSS) of sub-nodes is selected (Eq. 4).  288 

Equation 4                                𝑅𝑆𝑆 =  ∑ 𝑙𝑒𝑓𝑡 (𝑦𝑖 − 𝑦𝐿)2 + ∑ 𝑟𝑖𝑔ℎ𝑡 (𝑦𝑖 − 𝑦𝑅)2 289 

where yL and yR are the mean y-value for right and left nodes, respectively. The yi are the 290 

observed values. As mentioned before, random forest uses an embedded-type FSC. In this 291 

method, the Mean Squared Error (𝑀𝑆𝐸) of out-of-bag (OOB)/held-back data is the basis of 292 

feature selection. On the average, each data point would be around 36% of the times excluded 293 

from training process because of bootstrapping. At each bootstrap iteration, OOB data are 294 

predicted, aggregated and compared with observed data (𝑀𝑆𝐸𝑂𝑂𝐵) (Eq. 5) 295 

Equation 5                                          𝑀𝑆𝐸𝑂𝑂𝐵 = 𝑜−1 ∑ {𝑜
1 𝑦𝑖 − ŷ𝑖

𝑂𝑂𝐵}2, 296 

where ŷi
OOB

 is the average of the OOB predictions for the ith observation. 𝑜 is the number of 297 

OOB data. Subsequently, the importance of each variable is determined by measuring how 298 

much the prediction error increases when OOB data for that variable is permuted while all 299 

others are left unchanged (Eq. 6). 300 

Equation 6                                           𝑀𝑆𝐸𝑝𝑒𝑟−𝑂𝑂𝐵 =
𝑀𝑆𝐸𝑝𝑒𝑟−𝑀𝑆𝐸𝑂𝑂𝐵

𝑀𝑆𝐸𝑂𝑂𝐵
× 100 301 

Here  𝑀𝑆𝐸𝑂𝑂𝐵 and 𝑀𝑆𝐸𝑝𝑒𝑟  are the representatives of calculated MSE between OBB data and 302 

real values before and after permutation, respectively.  This criterion can be interpreted as 303 

follows: if a predictor is important in the current model, then assigning other values for that 304 

predictor randomly but realistically (permutation) should result in higher 𝑀𝑆𝐸𝑝𝑒𝑟−𝑂𝑂𝐵. 305 

 MARS 306 

MARS is a nonparametric statistical method that makes no assumptions about the functional 307 

relationship of the variables. In order to improve the prediction of non-linear system, MARS 308 

splits the linear relationship between explanatory and response variables into separate 309 

piecewise linear segments (splines) of differing gradients (Zhang and Goh, 2016). 310 

Equation 7                                           𝑓(𝑋) = 𝛽0 + ∑ 𝛽𝑚𝜆𝑚(𝑋)𝑀
𝑚=1 , 311 

where each 𝜆𝑚 is a basis function (BF), 𝛽𝑚 is a coefficient of parameter, and 𝑋 = (𝑋1, … , 𝑋𝑞) 312 

is a matrix of q input variables. The term 𝛽0 is a constant coefficient, estimated using the least-313 

squares method. BF can be one spline function or the interaction of two or more BFs, depending 314 

on the order of 𝑓(𝑋). BFs are connected through the connection/interface points called knots. 315 



 

During forward phase of MARS, candidate knots are placed at random positions to define a 316 

mirrored pair of BFs (Eq. 8). 317 

Equation 8                                𝐷𝑖𝑟𝑒𝑐𝑡: 𝑀𝑎𝑥(0, 𝑥 − 𝑐) =  {
𝑥 − 𝑐, 𝑖𝑓 𝑥 ≥ 𝑐 
0,    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 318 

                                              𝑀𝑖𝑟𝑟𝑜𝑟: 𝑀𝑎𝑥(0, 𝑐 − 𝑥) =  {
𝑐 − 𝑥, 𝑖𝑓 𝑐 ≥ 𝑥 
0,    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 319 

Equation 8, also known as hinge function, shows how continuously the variable x is 320 

transformed using a constant “c” as a knot. At each step, the model picks up that knot and its 321 

corresponding pair of BFs (direct and mirror) which yield the minimum error. This process 322 

continues until the model reaches a predetermined error level or/and a threshold number of 323 

BFs, which usually results in a purposely complicated and overfitted model. Due to this, the 324 

backward phase is used to improve the model by pruning the less significant terms. At the end 325 

of the backward phase, the model with lowest Generalized Cross-Validation (GCV) value is 326 

selected as the final model. The GCV criterion trades off goodness-of-fit against model 327 

complexity (Zarandi et al., 2013). For the training data with 𝑛 observations, the GCV is 328 

calculated as (Eq. 9):  329 

Equation 9                         𝐺𝐶𝑉 =
1

𝑛
∑ [𝑦𝑖−𝑦̂𝑖]2𝑛

𝑖=1

[1−
𝑀+𝑑×(𝑀−1)/2

𝑛
]

2 , 𝑑 =  {
3,   𝑖𝑓 𝑑𝑒𝑔𝑟𝑒𝑒 > 1 

2,           𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 330 

Here 𝑀 is the number of BFs, 𝑑 is a penalty for each BF, and 𝑦̂𝑖  represents the 𝑖𝑡ℎ predicted 331 

value. Thus, the numerator and denominator are, respectively, the MSE of the model and 332 

penalty for the prediction variance because of model complexity (Zhang and Goh, 2016). Here 333 

we used the varImp function (Kuhn, 2012a), implemented in R, to calculate the importance of 334 

each variable based on GCV. According to the help page, it accumulates the reduction in the 335 

GCV (or other statistics) when each predictor's feature is added to the model. The total 336 

reduction of  GCV is used as the measure of variable importance. The more GCV decreases, the 337 

higher importance score each variable receives. Conversely, if a predictor was never used in 338 

any of the MARS basis functions in the final model (after pruning), it has an importance value 339 

of zero. 340 

 Support Vector machines  341 



 

SVMs, proposed by Vapnik (1995),  have been applied successfully to both pattern recognition 342 

and more recently also to regression (Parrella, 2007) problems. For linear regression, SVM is 343 

formulated as follows (Eq. 10): 344 

Equation 10                                   𝑓(𝑥) =< 𝑤, 𝑥 > +𝑏           𝑤, 𝑥 ∈ 𝑅𝑞 , 𝑏 ∈ 𝑅 345 

Where <,> denotes the inner vector product, 𝑏 is bias, 𝑤 represents weight for each variable, 𝑞 346 

is the number of variables, and 𝑥 represents input variables. In case of nonlinearity between 347 

response and explanatory variables, SVM kernels (Φ), like Gaussian (radial), are used to map 348 

the data into a feature space in which the problem becomes linearly separable (Eq. 11).  349 

Equation 11                                           𝑦 = 𝑓(𝑥) =< 𝑤, Φ(𝑥) > +𝑏      350 

Vapnik (1995) suggested the following regularized cost function (Eq. 12) to estimate optimal 351 

𝑤 and 𝑏: 352 

Equation 12                                          
1

2
 ||𝑤||2 +

𝐶

𝑛
∑ |𝑦𝑖 − 𝑓(𝑥𝑖)|𝜀𝑛

𝑖=1    353 

The factor C trades off training error against the complexity of the model. A large (small) value 354 

for C will decrease (increase) the number of training errors. However, a large C can also lead 355 

to overfitting and high variance of prediction error. The bigger (smaller) ε results in the wider 356 

(narrower) ε-insensitive zone, which is used to fit the fewer (more) support vectors and, on the 357 

other hand, more flat (overfitted) estimates (Cortes and Vapnik, 1995). In fact, both C and ε 358 

values control model complexity (but in a different way). The second term of equation 12 can 359 

be defined as:   360 

Equation 13                           |𝑦 − 𝑓(𝑥)|𝜀 =  {
0,                     𝑖𝑓 |𝑦 − 𝑓(𝑥)| < 𝜀
|𝑦 − 𝑓(𝑥)| − 𝜀,          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 361 

The optimal weights are found by conversion of equation 12 and the corresponding constraints 362 

(Eq. 13) to a Lagrange function by introducing a dual set of variables. By some manipulations 363 

with Lagrange multiplier and dual optimization, one obtains: 364 

Equation 14                                     𝑤 = ∑ (𝛼𝑖
𝑛
𝑖=1 − 𝛼𝑖

∗)Φ(𝑥𝑖) 365 

𝛼𝑖 and 𝛼𝑖
∗ are Lagrange multipliers. Feeding equation14 into the equation 11, SVM predictions 366 

𝑓(𝑋) are obtained for a test data point X. According to Mercer's condition (Burges, 1998), the 367 

inner product Φ(𝑋) and Φ(𝑥𝑖) can be defined through a kernel K(X, 𝑥𝑖). 368 

Equation 15                                       𝑓(𝑋) = ∑ (𝛼𝑖
𝑛
𝑖=1 − 𝛼𝑖

∗)K(X, 𝑥𝑖)+b 369 

with  370 



 

Equation 16                                          𝐾(X, 𝑥𝑖) =< Φ(𝑥𝑖), Φ(𝑋) > 371 

Here we chose the radial (Gaussian) basis function as SVM kernel, while other choices 372 

(Polynomial and Sigmoid) would also have been possible.  373 

 Artificial neural network 374 

Neural networks are multivariate nonlinear models. Feed-forward back propagation neural 375 

network (FFBP) is one of the most commonly used ANN models which consists of three layers; 376 

an input layer, one or more hidden layers, and an output layer (Konate et al., 2015). Each layer 377 

has processing units known as neurons or nodes. The neurons are interconnected by connection 378 

strengths called weights. In addition, there is a bias neuron with input 1 and corresponding 379 

weight connected to each processing unit in the hidden and output layers. The number of input 380 

neurons is equal to the number of independent variables while the output neuron(s) represent 381 

the dependent variable(s). The ANN model with one hidden layer can be written as 382 

Equation 17                                   𝑦 = 𝛼0 + ∑ 𝛼𝑖𝑓(∑ 𝛽𝑗𝑖𝑋𝑗
𝑞
𝑗=1

ℎ
𝑖=1 + 𝛽0𝑖) + 𝜀 383 

 384 
where q is the number of input variables, ℎ is the number of hidden neurons, 𝛽0𝑖 (𝛼0) and 𝛽𝑗𝑖 385 

(𝛼𝑖) represent bias of the hidden layer (output layer) and weights of connections from input 386 

(hidden) neurons to hidden (output) neurons, respectively. The sigmoid transfer function (Eq. 387 

18): 388 

Equation 18                                                   sgm(x) =  
1

1+𝑒−𝑥  389 

is most commonly used for 𝑓. It is worth mentioning that Equation 18 assumes a linear transfer 390 

function in the output node for forecasting problems. In order to obtain the best weights for 391 

training a neural network, the back propagation algorithm uses MSE as cost function.  392 

 Multivariable linear regression: 393 

Linear models are the most simple and commonly used machine learning algorithms. They try 394 

to find a linear relationship, if any, between one or more predictors and a response variable by 395 

fitting a linear equation to observed data. MLR is used for the cases that the number of 396 

predictors is more than one variable (Eq. 19) 397 



 

Equation 19                                  𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖,1 + 𝛽2𝑥𝑖,2 + ⋯ +𝛽𝑞−1𝑥𝑖,𝑞−1 + 𝜀𝑖 398 

where 𝑞 is the number of coefficients 𝛽 in the model including the intercept (𝛽0). 𝜀𝑖 is the 399 

prediction error of the model. The coefficients are estimated by minimizing the sum of the 400 

squares. 401 

2.4.  MLA configuration  402 

Although one may discuss that MLAs are designed to make a machine system that 403 

automatically builds models from data without human involvement, the best performance of 404 

MLAs only occurs when their optimal parameters are obtained through tuning. In this study, 405 

the optimal parameters are tuned based on the automated evaluation of prediction errors 406 

(RMSE) resulting from 10-fold cross-validation. Both the tuning and training of MLAs are 407 

done by using the Caret package (Kuhn, 2008), implemented in R. In table 1 tuned parameters 408 

of MLAs are presented. Names of parameters are replicated to be easily found in the help page.  409 

Table 1 Optimal parameters of MLAs as result of tuning. Parameter mtry is the number of variables randomly 410 
sampled as candidates at each split, ntree is the number of trees, nprune is the maximum number of terms 411 
(including intercept) in the pruned model, degree is the maximum degree of interaction, sigma is the width of 412 
radial kernel (also known as smoothing parameter), C is the constant of the regularization term in the Lagrange 413 
formulation, size is the number of units in the hidden layer, and the decay is parameter for weight decay (Kuhn, 414 
2008). 415 

MLA Parameter(s) RMSE 

RF mtry = 3, ntree=100 0.16 

MARS nprune = 16, degree = 1 0.315 

SVM sigma=0.237, C = 1 0.273 

ANN size = 15, decay = 0.01 0.059 

 416 

2.5. Dust models 417 

Dust models are the present standard tool for predicting important processes of the dust cycle 418 

such as dust emission, transport as well as dry and wet deposition. Physical or empirical laws 419 

are employed to parameterize those mostly sub-grid scale processes. In most cases the dust 420 

models are deterministic, i.e. no stochastic forcing is present in the forecast equations. The 421 

initial state of the dust forecasts is computed with different degrees of sophistication as will be 422 

described below. From this state short term forecasts are performed to predict dust 423 

concentrations and AOD a few days ahead.  424 

In this paper we use forecasts from two quite different state of the art dust modeling systems 425 

to get fields of monthly mean AOD: 426 



 

 WRF-chem (Grell et al., 2005, Fast et al., 2006, Skamarock et al., 2008) can be run 427 

with various aerosol species, with a variety of schemes available to parameterize 428 

mineral dust cycle including the Goddard Chemistry Aerosol Radiation and Transport 429 

(GOCART) (Ginoux et al., 2001), the Air Force Weather Agency (AFWA) (Su and 430 

Fung, 2015) and the University of Cologne (UoC) (Shao et al., 2011). Nabavi et al. 431 

(2017) have shown that the parameterized dust fluxes into the atmosphere are rather 432 

sensitive to the dust source function and that dust forecast skill near dust sources can 433 

be considerably improved if the dust source function is well represented. In the present 434 

paper WRF-chem 3.6.1 is executed for the study period using the configuration 435 

explained by Nabavi et al. (2017). It is run over the domain shown in figure 2 with the 436 

GOCART dust scheme modified to use WASF, as described above, as source function. 437 

ERA-Interim analyses are used as lateral boundary conditions for forecasts of the warm 438 

months (Apr-Sep). Newtonian nudging toward ERA-Interim is used to keep the 439 

forecasts close to observed atmospheric state. This is a well proven method especially 440 

for so-called hindcasts (forecasts of past weather) that allows to avoid explicit and 441 

expensive analysis steps (Deng et al., 2007). Soil moisture is provided from National 442 

Centers for Environmental Prediction (NCEP) Final (FNL) Operational Global 443 

Analysis data and precipitation is a standard forecast product. Total column dust 444 

concentration is the primary forecast variable which is converted into AOD at 550nm 445 

using a radiative transfer code (a so-called observation operator, (Chin et al., 2002). 446 

AOD is then averaged to yield a monthly mean.  447 

 The MACC (2003-2012) project and its successor the Copernicus Atmospheric 448 

Monitoring Service (CAMS) (July 2012 to present) have been and are devoted to air 449 

quality monitoring. Many chemical species but also five aerosol species, including 450 

mineral dust, are monitored and forecast. The basic meteorological forecast system used 451 

for data assimilation is the Integrated Forecasting System (IFS) of ECMWF. The 452 

formulation of the aerosol model (including dust) has remained largely similar during 453 

the transition from MACC to CAMS, based on Morcrette et al. (2009). It is a global 454 

forecasting system and as such has limited spatial resolution. Contrary to WRF-chem 455 

as used here, MACC assimilates satellite observations (Benedetti et al., 2009). The 456 

MACC dust product is thus not a forecast but an analysis where dust-sensitive 457 

observations, namely MODIS AOD, have been assimilated, which certainly strengthens 458 

this product. MACCs primary focus is on atmospheric chemical species, not so much 459 



 

mineral dust. The parameterizations for dust have been tuned relatively little. A time-460 

invariant climatological source function is used in the dust emission parameterization. 461 

However it varies between different geographical regions to parameterize their different 462 

characteristics as dust sources. A global base value of 10-11 kg m-2 s-1 is used, 463 

corresponding to "theoretical" dust emissions with 1 m s-1 wind speed and with albedo 464 

of 1, and then multiplied by albedo and by the regional factors (0.5 for West Asia, see 465 

Fig. 3-C). The total column dust concentration analyses are converted into AOD using 466 

an observation operator and then are averaged to yield a monthly mean. The products 467 

are freely available from apps.ecmwf.int 468 

Nabavi et al (2017) also included results from the Dust REgional Atmospheric Model 469 

(DREAM) modeling system  (Basart et al., 2012), which yielded skill scores similar to  MACC. 470 

In this paper, which is more stringent in the choice of predictands, we decided not to include 471 

DREAM since it provides only dust optical depth (DOD) but not AOD as output field.    472 

Still, in order to maintain the consistency of the comparisons, AOD yielded by WRF-chem and 473 

MACC needs to be converted into DB AOD using a linear regression which is computed 474 

between MODIS DB AOD and AOD 550nm of three AErosol RObotic NETwork 475 

(AERONET) stations, including Dhandah (25.5N, 56.3E), Kuwait University (29.3N, 47.96E), 476 

Solar Village (24.9N, 46.4E). Comparing MACC dust optical depth with both MISR AOD and 477 

MODIS DB AOD at 550 nm, Nabavi et al. (2017) found that this product has higher agreement 478 

with the former instrument. However, they have also pointed out that the differences are 479 

generally small over dust sources. Therefore, we have assumed that the evaluation of MACC 480 

outputs against MODIS DB AOD (not against MISR AOD) cannot distort our examinations 481 

especially over hot spots. MACC AOD is available from 2002 to 2012. Therefore, this dataset 482 

is six months shorter than WRF-chem and MLA predictions, which are available during the 483 

whole study period.   484 

3. Results and discussion 485 

In this section we first report about the determination of predictors of DB AOD used by MLAs 486 

using the feature selection criteria described above, and then about the prediction of DB AOD 487 

by MLAs and DMs (3.2).  488 

3.1. Potential predictors of DB AOD 489 

As discussed before, RFE can simultaneously determine the importance of each single variable 490 

and of variable subsets. To this end, it evaluates the performance of different variable subsets 491 



 

which are already created by the orderly elimination of variables from the least to the most 492 

important one. Because each MLA uses a different ranking method for determining the 493 

importance of variables (step 2.5, Fig. 5 and subsection 2.2), RFE assigns different levels of 494 

importance to each single variable.  To reduce these differences, we have modified the standard 495 

RFE and have named it as modified RFE. In this method, all five MLAs were iteratively trained 496 

and validated while variables are eliminated one by one at each iteration. The main differences 497 

between modified RFE and standard RFE are that the former eliminates only one variable (not 498 

a subset of variables) at each iteration considering no priority ranking and that it evaluates the 499 

performance of MLAs by using test data (not validation data recorded during training period). 500 

Modified RFE uses the averaged Spearman Correlation Coefficient (SCC) and averaged RMSE 501 

between MLA predictions and DB AOD of the test dataset to determine the importance of 502 

variables and, consequently, variable subsets. According to figure 7, the elimination of SF has 503 

caused the highest decrease in SCC. Conversely, the averaged SCC increased when SPEI, SM, 504 

and ST are eliminated. Using RMSE as a measure leads to the same conclusion. It increases 505 

most significantly if SF is eliminated but actually decreases when SPEI, SM, and ST are 506 

eliminated.  507 

 508 

Figure 7 the averaged SCC (black filled circle) and RMSE (red filled circle) between MLA predictions 509 
and test observations. Error bars are limited between the maximum and minimum values of SCC (black 510 
bars) and RMSE (red bars) resulted from separate comparison of five MLA predictions and observations. 511 
The average of averaged SCC and RMSE are shown by the black and red lines, respectively.  512 

The overall outcome of MI and PCC (filter-type methods) have also assigned the least 513 

importance to SPEI and SM (Fig. 8). The biggest discrepancy occurs when, unlike modified 514 

RFE, MI and PCC have selected omega and ST as the third least and most important features, 515 

respectively. In order to clarify this ambiguity, we have examined the levels of variable 516 

importance assigned by standard RFE. It disclosed that ST has generally had a higher 517 
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importance than omega in the prediction accuracy of MLAs (not shown here).  Conclusively, 518 

six features including Albedo, DUP, NDVI, ST, precipitation, and SF are selected to train 519 

MLAs during 2003 and 2010.  520 

 521 

Figure 8 The importance of variables determined by MI and PCC. The overall outcome is prepared by 522 
the average of variable ranks assigned by mentioned methods. High rank means high importance. 523 

3.2. The prediction of AOD by MLAs and DMs 524 

It should be first noted that, here, the comparison of MLA and DM performance is discussed 525 

based on their statistics during the test period. This is because MLAs are trained such that they 526 

always yield the least possible errors compared to training observations which cannot be 527 

generalized to the test set (predictions). The performance of MLAs and DMs during the training 528 

period is presented in the supplement (Fig. S1). Figure 9-A shows time series of MLA (dashed 529 

line) and DM (dotted lines) predictions of DB AOD during 2011 to 2013 together with 530 

observations. The visual investigation of time series indicates that both MLAs and DMs 531 

roughly managed to simulate the general variations of observed DB AOD. However, MLAs 532 

have yielded higher SCC and lower centered RMSE compared to DMs (Fig. 9-C). Except 533 

ANN, the good agreement of standard deviations of MLA predictions to that of observations 534 

(0.23) implies that they have more accurately simulated the amplitude of DB AOD. Except 535 

MACC, the most obvious feature of  all time series is that major peaks are not well captured 536 

especially in 2012. Besides the fact that these prediction errors may be partly attributed to non-537 

linearities between the dust abundance and DB AOD intensity over the study area (Nabavi et 538 

al., 2016) and/or instrumental miscalculations (Albayrak et al., 2013),  three main reasons could 539 

cause underpredicting high extreme values. The lack of variables which thoroughly explain the 540 

variance of DB AOD (dust storm) can be seen as the primary reason. In other words, selected 541 

features for training MLAs and numerical solutions of DMs, especially WRF-chem in this case, 542 



 

do not perfectly estimate dust emission. This requires further studies for the improvement of 543 

our knowledge about the mechanism of dust formation which is beyond the scope of this paper. 544 

Secondly, the scarcity of extreme high values results in poor performance of both MLAs 545 

(Zhang et al., 2015) and DMs (Kumar et al., 2014) in the prediction of extraordinary cases. In 546 

fact, models are trained or formulated so that they yield the least overall bias with observations. 547 

That is, achieving the highest level of prediction accuracy does not necessarily mean that 548 

models accurately estimate the whole range of measured quantities but it means they are 549 

successful in the simulation of more frequent cases. For the prediction of phenomena which 550 

have a positively skewed frequency distribution, like dust abundance, this problem is known 551 

to be particularly serious. Using Synthetic Minority Over-sampling Technique (SMOTE), 552 

Torgo et al. (2013) tried to deal with this issue by under-sampling of frequent cases (irrelevant 553 

cases) and over-sampling of rare quantities (relevant cases) used for training MLAs. However, 554 

the extent of over-sampling/under-sampling requires researcher intervention and it changes 555 

case by case. Therefore, we decided not to manipulate the original distribution and to concede 556 

part of uncertainties related to the unbalanced distribution of DB AOD.  557 



 

 558 

Figure 9 A:  observed (blue) and predicted DB AODs throughout study area (32x40 pixels) during the 559 
testing period (18 time steps). Dashed and dotted lines show 200-point moving average of MLA and DM 560 
predictions, respectively. B: the same as A but after the inclusion of five area-averaged predictors. The 561 
statistics of predictions, calculated between prediction and observation vectors within the study area, 562 
including centered RMSE (dashed blue line), standard deviation (dashed black line) and SCC correlation 563 
(solid black line) are presented in C (before the inclusion of area-averaged predictors) and D (after the 564 
inclusion of area-averaged predictors).   565 

The third reason of differences between predicted and observed peaks can be attributed to the 566 

fact that a significant portion of AOD values at each pixel, especially over surrounding areas 567 
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of dust sources, is related to the amount of dust particles advected from upstream sources. 568 

Using WRF-chem for dust prediction, Nabavi et al. (2017) showed that shortcomings in the 569 

prediction of dust transport and deposition result in significant overestimation/underestimation 570 

of dust concentration over affected areas. They linked a great deal of AOD over West Asia to 571 

dust plumes originating from source points in the northwest of Iraq, not to their local potential 572 

of dust emission. Therefore, we have conducted a sensitivity experiment taking the area-573 

averaged observed DB AOD over northwest of Iraq (area between latitudes 34°- 37 ° N and 574 

longitudes 37 ° - 40 ° E) as additional input for MLAs throughout the study area. This input 575 

can be also be seen as an alternative of transportation and deposition schemes, used in DMs, to 576 

regulate the amount of advected dust. As expected, it caused a significant improvement in the 577 

prediction of extreme values by MLAs (not shown here). In order to keep the MLAs 578 

independent of the response variable, this predictor (area-averaged DB AOD) is replaced by 579 

the area average of five predictors (except SF) over the mentioned region and, then, MLAs are 580 

retrained using 11 predictors (6 normal datasets + 5 corresponding area-averaged datasets). The 581 

effect of this modification on MLA performance can be seen in figures 9–B and 9-D. Although 582 

a few peaks are overestimated by MLR, MLAs in general managed to capture or get closer to 583 

the most of extreme high values. Interestingly, all MLAs have yielded high agreement with 584 

observations in the second run as the least and highest SCC are 0.76 and 0.83 belonging to 585 

ANN and MARS, respectively. In contrast, the SCC of DM predictions, which are produced 586 

under a same setting in both runs, at most reach 0.65 for MACC simulations. The analogy of 587 

standard deviation of MLA predictions (ranging from 0.14 to 0.2) and of observations (0.23) 588 

in the second run shows the importance of the newly added predictors in the more accurate 589 

simulation of DB AOD amplitude, compared to MACC and WRF-chem (0.06 and 0.07). 590 

Similarly, the centered RMSE between MLA predictions and observations decrease to less than 591 

0.15 in the second run whereas DMs have yielded centered RMSE of 0.18. In order to examine 592 

the performance of models in the course of time, area-averaged monthly RMSE and bias 593 

(prediction/observation) are compared with corresponding observed DB AOD (blue line) (Fig. 594 

10-A and B) over test period. As expected, DMs have yielded higher RMSE than MLAs in 595 

most of the times. The noticeable point is that RMSE did not follow any tangible positive trend 596 

by approaching the end of test period. In other words, if MLAs get overfitted over training 597 

period, the level of prediction errors will increase by getting distance from the start point of 598 

test period which is not the case in our examinations. The juxtaposition of DB AOD with 599 

simulations show that prediction error meaningfully increase when DB AOD reach a peak. This 600 

is because of DB AOD underestimation which is escalated during the upsurge of dust storms 601 



 

around May (Fig 10-B). Apart from this period, all MLAs except ANN, have no significant 602 

bias against observations. In contrast, WRF-chem has left two different periods of 603 

underestimation and overestimation before and after June 2012, respectively. MACC has 604 

yielded very significant overestimation during entire test period (until the last available data 605 

point in Sep 2012).  Further examinations show that this model has high prediction error (Fig. 606 

10-C) and bias (Fig. 10-D) mainly for low values of DB AOD. Therefore the overall 607 

performance statistics for MACC are relatively modest although it performs well in cases of 608 

high observed DB AOD (Fig. 10-D). WRF-chem has also yielded high bias for quantities of 609 

DB AOD < 0.2, but because it is canceled by significant underestimation of higher values, 610 

unlike MACC, it is not reflected in the spatially-averaged bias in figure 10-B. Besides this, all 611 

DMs and MLAs, especially WRF-chem and ANN, have yielded higher RMSE and significant 612 

underestimation by approaching higher values of DB AOD indicating having difficulties for 613 

the prediction of high DB AOD (intense dust storms). The point-to-point comparison (Fig. 11) 614 

of simulations and observations also show the better performance of MLAs as their predictions 615 

are mainly congested around regression lines, which can be interpreted as high correlation 616 

between observations and predictions. The lower bias of MLAs, except ANN, predictions 617 

shown in figure 10-B, is also represented by the proximity of their regression and identity lines. 618 

The juxtaposition of observed and predicted histograms indicates that the frequency 619 

distribution of MLA predictions, especially SVM, is very similar to that of observations (Figs. 620 

11-A, C, E, F, and G). In contrast, the larger bias of DM predictions and their low agreement 621 

with observations can be diagnosed from the significant tilt between the regression line and the 622 

identity line and higher spread of simulations, respectively (Figs. 11-B and D). The significant 623 

bias of simulated DB AOD by MACC against observations can be also seen in figure 11-D 624 

where simulated DB AOD start from 0.3. In the following, the spatial analysis of the discussed 625 

statistics characterizes more clearly the performance of DMs and MLAs over the study area 626 

and it also discloses the reason of overestimation of low DB AOD by DMs.  627 



 

  628 

Figure 10 A and B are showing RMSE and bias over test period. Blue lines in A and B are area-averaged 629 
monthly observed DB AOD. Panel C shows RMSE values for different classes of MODIS DB AOD. 630 
Panel D shows the ratios between observed and predicted DB AOD for different classes of DB AOD on 631 
a logarithmic scale.     632 
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 633 

Figure 11 scatter plots between MODIS DB AOD values (all 25x25km pixels of the study area, all months of test 634 

period) and predictions of MLAs; RF (A), SVM (C), MARS(E), ANN (G) and MLR (F) and DMs; WRF-chem 635 

(B) and MACC (D). The histograms of observations and predictions are at top and right margins of each plot, 636 

respectively. Colors represent the estimate of the density function.  637 
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Figure 12 presents the temporal average of observed and predicted DB AOD (figs. 12 AA-638 

AH), and temporal average of SCC (figs. 12 BA-BG), RMSE (figs. 12 CA-CG), and bias (figs. 639 

12 DA-DG) between observations and simulations, during the test period. The distribution of 640 

observed DB AOD clearly depicts a dust hot spot in northwest of Iraq and a dust path with 641 

northwest-southeast direction. This pattern is to some extent reflected in the simulations of all 642 

models, which conforms the northwest-southeast prevailing wind of the region during 643 

summertime, called Shamal. According to these plots, MACC and, to some extent, WRF-chem 644 

do not resolve Zagros Mountains, in western Iran, as barrier against transportation of dust 645 

particles from plains in Iraq to the east of the study area which is represented by low DB AOD 646 

in observations and simulations of other models. In fact the main reason of DM overestimation 647 

of DB AOD < 0.2 is that they do not resolve the effect of elevations in the deposition of dust 648 

particles in western Iran. The inter-comparison of MLAs shows that ANN is the only algorithm 649 

which could not well simulate AOD quantities, while other MLAs have provided a realistic 650 

distribution of DB AOD over northwest of Iraq and the dust path. Although the general 651 

distribution of AOD is also simulated by DMs, they fail to estimate accurately the absolute 652 

quantities of DB AOD particularly over main dust source of the study area (northwest of Iraq). 653 

It should be also noted that the agreement of MLR and MARS predictions with observations 654 

over the dust path is higher than other algorithms. Although RMSEs between predictions and 655 

observations increase over dusty areas of Iraq, because of underestimation high dust 656 

concentrations, in all algorithms, MLAs have generally produced much less RMSE than DMs 657 

over these areas. Similarly, the bias of MLA predictions, except ANN, is interestingly around 658 

1 (no bias) whereas DMs have yielded very high overestimation over Western Iran, as 659 

discussed above, and moderate underestimation over dust sources and dust path. In fact, dust 660 

schemes of DMs, used for the estimation of dust emission, deposition, and transportation, 661 

underestimated emitted dust, which can be attributed to a suboptimal representation of the 662 

source function over dust sources and to overestimated dust advection into Iran, delineated with 663 

high RMSE and bias in figures 12-DF and 12-DG. The analysis of SCC between predictions 664 

and observations shows that the eastern half of study area, more or less, has received lower 665 

SCC in all predictions. As discussed before, these uncertainties can be attributed to suboptimal 666 

dust deposition by DMs and, moreover, lower predictability of MLA predictors in dust 667 

transportation and deposition (affecting the west of Iran) than dust emission (over Iraq).  668 
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Figure 12 maps of temporal averages of observed (AA) and predicted DB AOD (AB-AD). Averaging period: 670 

warm season (April-September) of years 2011-2013.  Following rows are maps of temporal statistics (SCC, 671 

RMSE, and Bias compared to observed DB AOD), calculated between MLA and DM predictions. Values in white 672 

box are the area average of corresponding statistics. Acronyms are explained in the text. 673 

Conclusions 674 

The successful application of MLAs in various classification and regression problems and the 675 

necessity of dust prediction with mesoscale (25x25km) spatial and monthly temporal resolution 676 

in West Asia were two main motivations to attempt dust prediction with MLAs. Due to the 677 

lack of ground-based observations, MODIS DB AOD was selected as the response variable to 678 

be predicted and eight monthly datasets including ST, SM, SPEI, albedo, NDVI, Precipitation, 679 

omega at 850 hPa, and DUP at 10 meter were used as potential predictors. In addition, we made 680 

use of a time-invariant variable “SF” to regulate the potential of dust emission at each 25x25km 681 

pixel. Using three types of Feature Selection Criteria, SF was determined as the most important 682 

factor of dust forecast. On the contrary, SPEI, SM, and omega were designated as the least 683 

important variables and they were eliminated. Because advected dust has a large influence on 684 

AOD of dust-affected areas, the area average of time-variant variables over main dust source 685 

of study area, northwest of Iraq, were taken as complementary predictors. Five MLAs, 686 

including MLR, RF, SVM, MARS, and ANN, were trained and compared with two DMs, 687 

including WRF-chem and MACC.  In a nutshell, predictions of AOD by MLAs, especially 688 

SVM and MARS, outperformed DMs on the time scales considered in the present work. The 689 

analysis of statistics shows that MLAs have high agreement with observations and they, except 690 

ANN, yielded the smallest prediction errors over dust sources. Since the Source Function 691 

gained high weights in the feature selection it is quite likely that its careful specification as 692 

WASF has been a big advantage for MLAs. It helped their predictions to be more accurate in 693 

the representation of dust source distribution in West Asia than those of DMs, which mostly 694 

put less emphasis on specification of the Source Function. Although both MLAs and DMs were 695 

relatively successful in the simulation of general variations of aerosol concentration, they still 696 

all underestimated major DB AOD peaks. The rough resolution of used datasets, the scarcity 697 

of extreme values and the omission of some unknown influential predictors and remaining 698 

deficiencies in the specification of the source function are likely the main reasons. In addition, 699 

DMs, especially MACC, have failed to resolve the effect of Zagros Mountains as a natural 700 

barrier preventing the transportation of dust to the west of Iran which is reflected as a very high 701 



 

overestimation of low DB AODs. This is the main reason why the overall performance scores 702 

for MACC are relatively low.  703 

We emphasize here that the results found are valid for the space and time scales considered 704 

here. For short term forecasts on the daily scale with good knowledge of the initial atmospheric 705 

state and of initial surface properties such as soil moisture, DMs are still considered the method 706 

of choice since the physical laws for short term predictions are well known and well 707 

implemented in such models. On time scales where the instantaneous initial conditions play 708 

less role the more uncertain input parameters and physical relationships become more 709 

important. Under these circumstances MLAs perform quite well. While the authors have 710 

invested quite some efforts into optimizing deterministic dust forecasts (Nabavi et al., 2017) 711 

these could not beat the MLA based predictions. We still put the caveat here that the validation 712 

has been done with AOD, which is not a state variable of DMs but has to be calculated with an 713 

observation operator. It is likely that the advantage of MLAs would be smaller if validation 714 

were done against in situ measurements of aerosol concentrations or even spectra. In the study 715 

area those do barely exist and typically do not separate between mineral and other types of 716 

aerosol, particularly the black carbon in urban areas, which makes it difficult to prove this 717 

conjecture. 718 

The results of this study do indicate, however, that MLAs are a promising forecast tools in the 719 

environmental sciences which should be developed and tested further for more general use 720 

cases. We plan to identify potential missing factors of dust predictions and to optimize MLA 721 

as well as DM parameters used for dust forecast. We also plan to investigate the performance 722 

of MLAs and global numerical aerosol models in large scale simulations of air pollutants 723 

including dust particles. We believe these types of studies will help to identify influential 724 

factors reducing uncertainties of aerosol predictions over sources and receptors.    725 
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6 Synthesis 

This chapter is to combine findings of the individual manuscripts and to 

examine if conducted research could successfully address the research questions 

and hypotheses. In the following, each hypothesis is discussed using related 

achievements. The first hypothesis has challenged the applicability of remotely 

sensed data in the long-term study of the spatio-temporal distribution of dust 

storms in West Asia:  

Hypothesis 1: The combination of remote sensing products such as TOMS-

OMI AI, and SeaWiFS and MODIS DB AOD can reveal the climatology of 

dust storms in West Asia. It is expected that research findings indicate a 

significant increase of dust occurrence and expansion of dust sources in the 

region.  

Manuscript 1 is prepared to test the first hypothesis by using long-term records 

(1980-2014) of Aerosol Index (AI) from TOMS and OMI instruments. Because 

of AI discontinuity, some preprocessing measures are taken. They contain the 

replacement of original values with a binary signal (dust/no dust) based on 

Varying Threshold (VT), the homogenization of binarized AI through the 

consideration of two separate VTs for TOMS and OMI eras, and the exclusion 

of invalid data between 2002 and 2004. Results show that the application of VT 

could amend artificially high/low values of AI particularly over western Saudi 

Arabia where highlands host a constant high boundary layer (AI). In addition, 

the evaluation of the refined AI against synoptic weather codes proves that it is 

able to reproduce changes in the dust frequency and extent of dust sources in a 

large scale. The tally of VT-based dust cases shows the frequent dust 

entrainment from sources in the east of Saudi Arabia during the study period, 

called permanent dusty areas. It also reveals the recent spatio-temporal 

expansion of dust sources in the east of Syria and northwest of Iraq, called 

emerging dusty areas. While June and July have been normally the peak period 

of dust activity in emerging areas, it is recently expanded into the whole studied 

warm months (Apr-Sep). The positive trend of dust storms in entire West Asia 

is mainly attributed to extreme droughts in the Fertile Crescent, with a peak 

during 2007–2012. Using MODIS DB AOD, the local-scale hot spots of dust 

emission in emerging and permanent areas are found to be concentrated in a 
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desert region called Al-jazireh and northern Saudi Arabia, respectively. Dust 

storms formed in these hot spots are transported to the south of Turkey and 

northwest of Iran by a Frontal lifting mechanism during spring. During summer, 

Shamal atmospheric pattern sweeps dust plumes from the northwest of Iraq to 

the southwest of Iran and the Persian Gulf countries.  

The characterization of dust sources in West Asia can be seen as the main 

outcome of the first manuscript. In order to evaluate the reliability of determined 

dust sources, the second hypothesis has been formulated: 

Hypothesis 2: The topography-based algorithm used by GSF cannot provide a 

realistic distribution of dust sources in West Asia. Instead, WASF as a remote 

sensing-based source function is more suitable to be used in dust modeling 

systems.   

In the second step of the study, candidate source functions are implemented in 

three dust schemes of WRF-chem. Control (WRF-chem with GSF) and 

modified (WRF-chem with WASF) runs are evaluated against remotely sensed 

observations, including MODIS DB AOD and MISR AOD at 550 nm and 

profile data of CALIPSO extinction coefficient at 532 nm. Because WASF 

generally allocates less emission magnitude to dust source points than GSF, all 

modified runs are biased low to AOD observations. However, findings show 

the higher agreement (SCC) of modified WRF-chem simulations and 

observations, regardless of which dust scheme is considered. Among them, 

modified run of GOCART scheme yields the best performance with SCC of 

0.65 and 0.63 against MODIS and MISR observations, respectively. It should 

be noted that both control and modified runs perform poorly (layer-stratified 

SCCs < 0.3) in reproducing the vertical distribution of extinction coefficient 

measured by CALIPSO. In addition, WASF expectedly, due to the allocation of 

lower emission potential, cause a stronger underestimation of extinction 

coefficient than GSF. However, like vertically integrated AOD, the agreement 

of WRF-chem simulations and CALIPSO observations improved at all studied 

vertical levels after the implementation of WASF. Modified runs, especially 

GOCART, even outperformed DREAM and MACC DODs over dust sources. 

These findings are supported by ground-based observations acquired from 

synoptic stations in the northwest of Iraq where the modified run of GOCART 

scheme got the highest percentage of correct detection (45.8 %) and the highest 
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Pierce skill score (28 %). The comparison of simulations with the only available 

AERONET station in the study area, located in Kuwait, shows that DREAM 

has yielded the best performance followed by modified AFWA which 

outperforms other WRF-chem runs and MACC. In spite of aforementioned 

achievements, modified runs still face high uncertainty over regions away from 

dust sources. This can be mainly because of remaining unknown dust sources 

in other parts of West Asia. In addition, the transportation of lifted dust, as well 

as the deposition schemes in WRF-chem, ought to be improved. 

Although the outcomes of the second study leave us with the sense that future 

improvements can amend existing weaknesses of numerical dust modeling, it is 

tried to examine the feasibility of dust prediction using MLAs (the third 

manuscript). The third hypothesis is cautiously optimistic and anticipates the 

applicability of MLAs in dust prediction as follows:  

Hypothesis 3: The promising performance of MLAs in engineering problems 

can be also achieved in dust prediction. Considering the fact that, here, MLAs 

are not elaborated and their standard settings are applied (e.g. Gaussian kernel 

for SVM or linear regression as the output-layer function of ANN) MLAs do 

not outperform DMs at this stage.    

Five MLAs and two DMs are applied to predict dust abundance over West Asia. 

Due to the lack of ground-based observations, MODIS DB AOD was selected 

as the response variable to be predicted. Since the selection of influential 

predictors is a prerequisite for a successful MLA setup, according to literature 

and authors’ experience, nine features are loosely selected as the potential 

predictors of dust formation. Then the six final inputs including Albedo, DUP, 

NDVI, soil temperature, precipitation, and SF are chosen through applying three 

types of feature selection criteria (FSC). Interestingly, all types of FSC 

determine SF as the most important predictor of dust forecast. Results also show 

that the level of importance assigned to each parameter, except SF, varies 

slightly depending on which type of FSC is employed.  Although still better 

than DMs, significant prediction errors are found between the preliminary runs 

of MLAs and observation. This is found to be caused by the fact that none of 

the selected features can represent the contribution of advected dust to the total 

amount of AOD over the downstream region. Hence, the monthly area average 

of time-variant predictors over northwest of Iraq, as the main dust hot spot, are 
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taken as complementary predictors. The evaluation of MLA performance in the 

second run shows that they all yield much better performance than the 

preliminary runs and, again, DMs. Findings disclose that DMs fail to reproduce 

the amount of dust advected to the west of Iran which is reflected in the high 

bias of low DB AODs simulated by MACC and WRF-chem. Most likely, it is 

triggered by the fact that DMs do not resolve elevations in the west of Iran as a 

natural barrier against dust transportation. Finally, both DMs and MLAs 

underestimate DB AOD peaks which can be attributed to the rough resolution 

of variable datasets, remaining uncertainties in the dust source function, 

omission of some unknown influential factors and the scarcity of  

extreme cases.  

Generally, it can be concluded that the combination of different satellite sensors 

is an efficient approach to derive the climatology of dust frequency in West Asia 

(the first manuscript). However, due to instrumental changes, caution has to be 

taken when using TOMS-OMI AI dataset as a continuous time series. The 

combination of AI and DB AOD disclosed a meaningful increase of dust 

frequency and expansion of dust sources in West Asia approaching the end of 

study period. The verification of identified dust sources (the second manuscript) 

testifies that the implementation of more accurate source function can 

significantly improve the performance of WRF-chem in West Asia, especially 

over dust sources. However, there may be other dust source points not taken 

into account by newly proposed source function (WASF) because of limitations 

in existing remote sensing tools and techniques. In addition, the emission is only 

one component of dust cycle and the optimization of dust models require the 

improvement of two other components including dust transport and deposition. 

The performance investigation of MLAs and DMs (the third manuscript) 

supports the hypothesis regarding the applicability of MLAs in dust prediction. 

Since the standard settings of MLAs are applied, it was not expected that MLAs 

can outperform DMs which is, unexpectedly, documented in the results though. 

It should be noticed that DMs are still favorable for the short-term forecasts and 

it is likely that the advantage of MLAs would be smaller if validation were done 

against in situ measurements of aerosol concentrations or even spectra, instead 

of using DB AOD at 550 nm. 
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7 Outlook 

Recent progress in the algorithms of dust retrieval implemented on long-

operating satellite data, such as TOMS-OMI AI and MODIS DB AOD, let us 

characterize dust activity in West Asia from 1980 to present (Nabavi et al., 

2016). It was found that West Asia has two main dusty areas including the 

northwest of Iraq and the east of Saudi Arabia. They feed dust particles into 

Frontal and Shamal systems during cold and warm periods of the year, 

respectively. While dust sources in Iraq have recently formed because of 

successive droughts, eastern Saudi Arabia is known as an old origin of local and 

regional dust storms.   

Significant differences between dust source functions obtained from previous 

analyses (Nabavi et al., 2016) and Ginoux et al. (2001) were inspiring to find 

out which source function is more realistic. To do so, both source functions were 

implemented in WRF-chem model. Results attested that newly proposed source 

function, called WASF, is much more consistent with the current status of dust 

distribution and it improves the accuracy of dust predictions in the region 

(Nabavi et al., 2017b).  

In the third study it was tried to find the best strategy for the prediction of dust 

storms in the study area. Preliminary investigations showed that the efficiency 

of MLAs in regional dust prediction is underestimated by the literature. In fact, 

numerical dust models (DMs) have been mostly used as the only option for 

doing dust forecast. Hence, a comparative study of seven state of the art MLAs 

and DMs was conducted. Although both approaches have difficulties in 

reproducing extreme cases, findings indicate the higher capability of MLAs in 

dust prediction at least on a monthly basis. Keeping in mind the fact that any 

changes in settings of MLAs, study area, explanatory variables, and response 

variable can leave us with different results, study findings are convincing 

enough to put more efforts into the application of MLAs for dust prediction in 

West Asia and other dust-prone regions.   

Like often this study faced with some limitations which constrain 

generalizability and utility of findings. As discussed before, instrumental 

changes caused discontinuity of AI acquired from TOMS and OMI instruments. 

The lack of temporal overlap period between reliable TOMS data and OMI data 
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makes it particularly challenging to apply sophisticated homogenization 

methods (Haimberger et al., 2012, Mears et al., 2003) on AI records. Therefore, 

two separate VTs for TOMS and OMI eras were considered which of course 

cannot deal with all uncertainties raised by this issue. Recently, the DB AOD 

algorithm has been implemented such that it can be applied to data from 

AVHRR instrument which can realize the ambition of having access to more 

consistent, long-term records of dust activity from the 1980s onward (Sayer et 

al., 2017).  

In this study, thresholds, especially those used for the determination of dust 

occurrence, are determined based on literature (Ginoux et al., 2001, Ginoux et 

al., 2012, Karimi et al., 2012) or authors’ experience which both are very 

subjective. This may explain some of the differences between findings of 

presented study and literature and, possibly, future attempts. Because most of 

these subjective thresholds are used for the specification of dust source function, 

author plans to replace WASF with other remote sensing-based source 

functions, like the one proposed by Chen et al. (2017), in future studies.  This 

type of source function provides the total amount of dust emission (not the 

potential of emission) without using common thresholds.     

In the second study, DOD, instead of AOD, provided by MACC and DREAM 

was used to be compared with WRF-chem simulations. It is because DREAM 

does not provide AOD and both auxiliary simulations (from MACC and 

DREAM) should be comparable. Because the study is conducted during 

summer months when dust is the prominent aerosol in the region, this cannot 

cause such a big difference in results which degrade the overall reliability of 

achievements. However, the third manuscript shows that MACC AOD 

expectedly has a slightly better agreement with AOD observations than its DOD 

does.  

It should be also taken into account that the performance of models are also 

affected by the time period and area over which the study is conducted. For 

example, while WRF-chem outperformed MACC in the second study, it is 

reverse in the third study where the study period is extended from three summer 

months of 2008-2012 to the six warm months of 2003 to 2013.           

Although MLAs could outperform DMs in the monthly prediction of dust 

abundance, they inherently cannot provide any information about the physical 
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relationship between predictors and response variables. This requires modelers 

to put a lot of effort into a deep understanding of true drivers of predictant before 

they are used as inputs of MLAs. Because none of studies were allotted to the 

identification of factors inducing dust formation, we should put the caveat here 

that there may be some influential factors which are omitted during the selection 

of inputs for MLAs. Because of this, author has recently prepared a proposal in 

which a significant amount of time is allotted to the selection of predictors 

governing air pollutants including dust in West Asia.     

In addition to aforementioned issues, this study has led to some research 

recommendations which may be considered by future studies: 

1. Conduct similar studies in regions with better in situ observation records 

2. Try MLAs with aerosol concentrations rather than AOD as predictands. It is 

important to understand the cause of poor performance of DMs. Does it come 

from the observation operators or has already the aerosol concentration been 

badly predicted? 

3. Apply DMs and MLAs to climate model output (both recent past and future). 

Do climate models driven with observed SSTs have realistic soil moisture and 

other predictors in the study region. How does dust occurrence behave in future 

under different climate scenarios? 

4. What are the prospects of reducing dust by smart land use (reforestation, 

irrigation, other measures against erosion, etc.) 
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