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Dust interannual variability and trend in Central Asia from 2000 to 2014 and their climatic linkages Xin Xi1,2 and Irina N. Sokolik1 1
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Abstract We present a comprehensive analysis of the interannual variability and trend of dust aerosol in Central Asia (37°–55°N, 50°–80°E) from 2000 to 2014, based on a set of dust emission simulations using the WRF-Chem-DuMo modeling system, observations of dust frequency derived from surface station synoptic weather records, and dust optical depth (DOD) derived from Moderate Resolution Imaging Spectroradiometer (MODIS) and Sea-viewing Wide Field-of-view Sensor (SeaWiFS) aerosol optical depth (AOD) products. Model simulations reveal that the soil grain size distribution has little impact on the interannual variability of dust ﬂuxes but strongly affects their magnitude. The two physically based dust schemes based on Marticorena and Bergametti (1995) (MB) and Shao et al. (1996) (Shao) produce large differences in the dust ﬂux magnitude and spatiotemporal distributions, largely due to different sensitivities of the threshold friction velocity to vegetation-induced surface roughness. By using a ﬁxed threshold velocity, the dust scheme of Tegen and Fung (1995) (TF) relies on the dynamic dust source function to capture the dust variability associated with vegetation changes. Through a correlation analysis, the simulated dust ﬂuxes show good consistency with the observed dust frequency, whereas only the Shao and TF dust ﬂuxes are consistent with the MODIS Collection 5.1 and SeaWiFS DOD. The dust ﬂuxes, dust frequency, and DOD (except MODIS Collection 6) are highly correlated with the frequency of strong surface winds but show different sensitivities to drought and soil erodibility factors (i.e., precipitation, soil moisture, and vegetation) which are inﬂuenced by El Niño–Southern Oscillation (ENSO). In general, La Niña years are associated with reduced precipitation, drier soils, less vegetation, and, consequently, more severe drought and enhanced dust activity in Central Asia. The averaged dust ﬂux of the MB and Shao experiments shows a signiﬁcant negative trend of 2.00 ± 0.59 × 103 g m2 yr1 from 2000 to 2014, which is consistent with the trends in the TF dust ﬂux (1.74 ± 0.34 × 103 g m2 yr1), dust frequency (0.63 ± 0.21 × 103 yr1), and SeaWiFS AOD (3.3 ± 1.3 × 103 AOD yr1), as well as the decreasing tendency in the MODIS AOD after the ENSO effect is removed. The negative dust trend is driven by a decline in the surface winds, which is likely due to changes in large-scale atmospheric circulation rather than the local effect of vegetation-induced surface roughness.



1. Introduction Mineral dust aerosol is receiving an increasing attention from the Earth system perspective because of its important role in various interaction and feedback processes with the Earth’s weather, climate, and environment [Shao et al., 2011]. These processes include the direct absorption and scattering of solar radiation, interaction with warm and ice clouds as condensation nuclei, ice-albedo feedback, accelerated snowmelt through deposition on snow and glaciers, and changes in land and ocean biogeochemistry through ecosystem uptake of dust-containing micronutrients [e.g., Sokolik et al., 2001; Painter et al., 2010; Karydis et al., 2011; Mahowald et al., 2011; Xi and Sokolik, 2012]. Dust not only affects climate but is also inﬂuenced by it. The global distribution of major dust sources is uniquely collocated with the semiarid and arid climate zones [Mortimore et al., 2009]. The dust life cycle is governed by various climate factors, such as wind, precipitation, soil moisture, and vegetation, leading to the close connections between dust and climate from annual to decadal and millennial timescales [Shao, 2008].
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As the most reliable long-term dust records, visibility and synoptic weather observations from worldwide meteorological stations have provided many clues to global dust variations [e.g., Mahowald et al., 2007; Shao et al., 2013]. The station data are complemented by a growing number of aerosol remote sensing products, which offer much larger spatial coverage and improved data consistency [e.g., Moulin and Chiapello, 2004; Zhang and Reid, 2010; Hsu et al., 2012; Yoon et al., 2012]. There is a general consensus among the observations that dust emission from North Africa, the world’s largest source, has been declining since
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the mid-1980s [e.g., Mahowald et al., 2007; Hsu et al., 2012; Yoon et al., 2012; Shao et al., 2013]. The Sahel rainfall may be a key player in the region’s dust variability given the coincidence of the peak dust activity and severe droughts during the 1970s–1980s, and the decreased dustiness associated with precipitation increase since the 1980s [Fensholt et al., 2012; Shao et al., 2013; Chin et al., 2014]. Wetter conditions in the Sahel are linked with warmer-than-normal North Atlantic sea surface temperature, which causes a northward displacement of the Intertropical Convergence Zone (ITCZ) and enhances the moisture convergence over Sahel [Wang et al., 2012]. Meanwhile, the northward shift of ITCZ weakens the surface winds [Wang et al., 2012; Chin et al., 2014; Ridley et al., 2014]. Based on the synoptic weather records from a handful of surface stations, Cowie et al. [2013] suggested that the decline in North African dust after the 1980s was caused by decreased surface winds associated with the vegetation-induced surface roughness. Through model simulations, Chin et al. [2014] and Ridley et al. [2014] argued that vegetation had little impact, and the dust variability was mainly controlled by the mean wind driven by the large-scale atmospheric forcing. Such disagreement is essentially caused by the inherent differences in the climate sensitivity of dust aerosol between the observations and models. While surface station data are the longest available direct dust observations, data quality and consistency and temporal and spatial sampling are important considerations for deriving a robust dust-climate relationship [Shao et al., 2013]. Despite larger spatial coverage, satellite aerosol products are subject to the accuracy of instrument calibration and retrieval algorithms, which are important for studying long-term aerosol changes [Hsu et al., 2012]. While coupled dust-climate models are necessary tools to unravel the physical processes responsible for the dust variations, the dust responses to climate processes, namely, the climate sensitivity of dust, depends on the level of complexity of model parameterizations [e.g., Kok et al., 2014; Xi and Sokolik, 2015]. Hence, compared to a single model, a multimodel approach may provide more insights into the dust-climate linkage. As part of the low-latitude dust belt, the drylands of Central and East Asia comprise a mixture of arid deserts, grasslands, shrublands, and agricultural lands. Regional climate change and interactions with extensive land cover/land use changes has led to great changes in the region’s dryland landscape and large impact on the atmospheric dust aerosol [Sokolik et al., 2013]. Since the 1980s, Asian dust displays a general decreasing trend with substantial interannual variations [Wang et al., 2008; Indoitu et al., 2012; Shao et al., 2013]. The dust decline in East Asia is likely caused by the weakening Siberian High, which strongly affects the cold air intrusion to East Asia [Panagiotopoulos et al., 2005]. A strengthening of the Siberian High may be responsible for the recent increase in the dust frequency [Jeong et al., 2011; Kurosaki et al., 2011; Lee and Sohn, 2011]. In addition, land cover changes may play a role by altering surface properties and interacting with regional climate. Indeed, the governing factors of the dust trend are found to differ from region to region. Surface properties appear to be the dominant factor over the Mongolian grasslands, while winds are more important for the barren and sparsely vegetated areas [Kurosaki et al., 2011; Lee and Sohn, 2011]. For Central Asia, Chin et al. [2014] showed substantial variations in the dust emission from 1980 to 2009 and suggested that soil moisture was a primary driver. The soil moisture is connected with the region’s precipitation associated with midlatitude westerly cyclones, which in turn are inﬂuenced by large-scale climate variability and teleconnections, such as El Niño–Southern Oscillation (ENSO) [Syed et al., 2006, 2010]. Indoitu et al. [2012] found a decreasing dust frequency at most stations since the 1970s and speculated that decreased wind speeds were responsible. Indoitu et al. [2012] also noted a steady increase in dustiness at the Aral Sea station between the 1950s and 1990s, followed by a decline afterward. The shift in the dust trend indicates a possible change in the controlling factor of dust variability in the Aral Sea region. Land use change may have overshadowed the effect on dust of climate variations during the Soviet and post-Soviet transition periods (1950s–1990s), whereas since the 2000s climate may have played a dominant role [Lioubimtseva and Henebry, 2009]. So far, the dust linkage with climate and land-cover/land-use change in Central Asia remains largely uninvestigated. Previously, we analyzed the dust seasonality in Central Asia (37°–55°N, 50°–80°E) based on surface station synoptic weather data, satellite aerosol products, and dust emission simulations using the regional coupled dust modeling system WRF-Chem-DuMo [Xi and Sokolik, 2015]. By coupling a dust emission module DuMo with the Noah land surface scheme and meteorological ﬁelds from the Weather Research and Forecasting model with chemistry (WRF-Chem), WRF-Chem-DuMo offers an advanced model capability to examine the linkages between dust, climate, and LCLUC. Here we perform a set of dust emission simulations for the dust season from 1 March to 31 October between 2000 and 2014, along with analysis of dust-related observations,
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Table 1. List of Dust Emission Model Experiments Experiment MB_Dry MB_Wet Shao_Dry TF_Sta TF_Dyn



Dust Seasons



Dust Source Function



Dust Scheme



Soil Size Distribution



Wind



2000–2014 2000–2014 2000–2014 2000–2014 2000–2008



Static Dynamic



MB MB Shao TF TF



Dry-sieved Soil texture Dry-sieved -



u* u* u* u10 u10



including synoptic weather records, and spectral aerosol optical depth (AOD) from the Moderate Resolution Imaging Spectroradiometer (MODIS) and Sea-viewing Wide Field-of-view Sensor (SeaWiFS) aerosol products. The climate sensitivity of dust aerosol is examined through correlations with the climate factors that characterize the wind erosive force and soil erodibility. Through a comprehensive analysis, our goal is to examine the dust interannual variability and trend in Central Asia and to unravel their linkage with large-scale climate variations.



2. Data and Methods 2.1. Dust Emission Model Experiments Below we brieﬂy describe the WRF-Chem-DuMo modeling system and discuss the model experiments considered. Detailed descriptions are provided by Darmenova et al. [2009] and Xi and Sokolik [2015]. The model comprises two physically based schemes of Marticorena and Bergametti [1995] and Shao et al. [1996] (hereafter referred to as the MB and Shao schemes, respectively) and one empirical scheme of Tegen and Fung [1995] (hereafter referred to as the TF scheme). The model also provides an array of surface input data sets for Asia, including the soil grain size distribution, aeolian surface roughness length, and roughness density. MB and Shao use the method of Fecan et al. [1999] to describe the enhancement in the threshold friction velocity (u*t) by the soil-moisture-induced interparticle cohesion. To account for the surface roughness effects on the u*t, MB assumes a logarithmic wind proﬁle to represent the loss of the surface drag as a function of the aeolian surface roughness length, while Shao uses a double-drag partition method as a function of the roughness densities of the vegetated and nonvegetated surface fractions. DuMo provides two options of the soil size distribution data, which are based on the USDA soil textural classiﬁcation and in situ dry-sieved soil size measurements, respectively. The soil texture-based size distribution consists of the fractions of sand-, silt-, and clay-sized particles for 16 textural classes [Zakey et al., 2006]. The dry-sieved size distribution is based on in situ measurements at Chinese deserts [Mei et al., 2004; Laurent et al., 2006], which are mapped to Central Asia based on similarities in the dust source type and characteristics [Xi and Sokolik, 2015]. Compared to MB and Shao, the TF scheme is a simpliﬁed scheme designed for global models. In the TF scheme, the bulk vertical dust ﬂux is calculated as a function of the third power of surface winds (u10) and uses a preferential dust source function to represent the spatiotemporal variability of soil erodibility. Previously, TF used a static dust source function by Ginoux et al. [2001] and has been recently updated to a dynamic source function by Kim et al. [2013] to account for seasonal and interannual vegetation changes. The static and dynamic dust source function data are available from the Goddard Chemistry Aerosol Radiation and Transport (GOCART) model at a 1.25° × 1° global grid. Table 1 summarizes the conﬁgurations of ﬁve model experiments for the 2000–2014 dust seasons. TF_Dyn is run for 2000–2008 only due to availability of the dynamic dust source function. For all experiments, model initial and boundary conditions are provided by the NCAR/NCEP reanalysis data. The following model physics are used: the Noah land surface scheme, the Mellor-Yamada-Janjic planetary boundary layer scheme, the Janic Eta surface layer scheme, the Thompson microphysics scheme, and the Kain-Fritsch cumulus scheme. The model has 42 vertical layers with 10 layers below 1 km and the lowest layer at about 20 m. Model simulations are performed at a spatial resolution of 10 km × 10 km to capture the small-scale dust sources, such as the dried Aral Sea. By averaging the MB and Shao experiments (MB_Dry, MB_Wet, and Shao_Dry), we compute an experiment mean (Exp_mean) as an attempt to obtain an optimal estimate of the region’s dust emission by bracketing the biases of individual experiments. TF_Sta and TF_Dyn are tuned to match the total emission of Exp_mean on an annual basis.
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2.2. Land Surface and Vegetation Data LCLUC-induced dust source changes are described by a 0.5° × 0.5° global data set of historic annual cropland and pasture fractions from the Land Use Harmonization (LUH) project (hereinafter referred to as LUH) [Hurtt et al., 2011] and Landsat image mosaics of the inland rivers and lakes in Central Asia. Since the LUH data set is currently available from 1700 to 2005, the land use fractions of 2005 are used for the period 2006–2014 assuming negligible changes for that period. The MODIS/Terra Level 3 normalized difference vegetation index (NDVI) monthly composites are used to derive the model input of vegetation fraction, surface erodible fraction, surface roughness length, and roughness density following the method described by Xi and Sokolik [2015]. 2.3. Surface Station Observations The Met Ofﬁce Integrated Data Archive System (MIDAS) land and marine surface station database, archived at the British Atmospheric Data Centre, contains 3–6-hourly observations of u10, present weather (PW), horizontal visibility, and other variables from worldwide meteorological stations. Data from 1984 to 2014 are used due to the poor coverage prior to 1983 [Shao et al., 2013]. PW reported from the manned stations describes the synoptic weather phenomena at the time of observation according to the World Meteorological Organization code 4677. Among the 100 weather types (i.e., PW = 00–99), 11 are related to dust outbreaks, which can be grouped into severe (33–35), moderate (30–32 or 98), and weak (06–09) event categories according to their visibility reductions [O’Loingsigh et al., 2014]. Based on the dusty weather events, the dust frequency can be computed as f DE ¼ NDE =NPW



(1)



where NPW is the number of PW observations and NDE is the sum of the number of severe (NSD), moderate (NMD), and weak (NWD) dust events: NDE = NSD + NMD + NWD. By applying different weighting coefﬁcients to the dust event categories, we also deﬁne a weighted dust frequency as f WDE ¼ NWDE =ðNPW  NDE þ NWDE Þ



(2)



where NWDE = 5 × NSD + NMD + 0.05 × NWD. The weighting coefﬁcients were derived by O’Loingsigh et al. [2014] from the relationship between visibility reduction and observed ambient dust concentrations under the different dust event categories. fDE and fWDE do not consider the duration of dust events and fall in the range of 0–1. Compared to PW, horizontal visibility suffers one important limitation due to interference by various nondust events that cause visibility reductions, such as fog, urban and industrial haze, and biomass burning. 2.4. Satellite Aerosol Products Two versions of MODIS Level 2 AOD products are used in our analysis. A previous version, Collection 5.1 (C5), provides AOD retrieval using the deep blue (DB) algorithm over bright desert areas complementing the dark target (DT) algorithm over water bodies and vegetated areas [Hsu et al., 2004, 2006]. We use the data set named “Deep_Blue_Aerosol_Optical_Depth_550_Land” with a quality assurance (QA) ﬂag of 2 or 3 from MODIS/Terra (2000–2007) and MODIS/Aqua (2003–2014). The C5 DB AOD retrieval is halted on MODIS/Terra after 2007 due to calibration degradation of the blue channel [Lyapustin et al., 2014]. Compared to C5, the recently released Collection 6 (C6) uses an enhanced DB algorithm with substantial changes and improvements to the sensor radiometric calibration, cloud screening, surface reﬂectance models, aerosol model selection, and QA deﬁnition [Hsu et al., 2013]. The improved radiometric calibration of the Level 1b data is critical for deriving high-quality aerosol climatology. The revised algorithm applies a reﬁned DB surface reﬂectance database for arid regions and a NDVI-based reﬂectance determination method for vegetated and transitional regions, thereby expanding AOD retrieval to all cloud-free snow-free land surfaces. A heavy dust ﬂag is introduced in C6 to correct an underestimation bias found in C5 in the presence of blue-light-absorbing dust particles. Following the recommendations by Hsu et al. [2013], we use the data set named “Deep_Blue_Aerosol_Optical_Depth_550_Land_Best_Estimate” from MODIS/Terra (2000–2014) and MODIS/Aqua (2003–2014). In addition to the DB AOD, a merged AOD product, named “AOD_550_Dark_Target_Deep_Blue_Combined,” is included in C6, by combining the DB AOD over barren XI AND SOKOLIK
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surfaces and DT AOD over vegetated and water surfaces in order to produce a spatially gap-free continuous AOD data set [Sayer et al., 2014]. The enhanced DB algorithm has also been applied to the Sea-viewing Wide Field-of-view Sensor (SeaWiFS) data to create a 13 year (1998–2010) global AOD climatology [Hsu et al., 2012]. The SeaWiFS Version 4 Level 3 daily product is used here. All MODIS Level 2 granules are processed into daily ﬁles containing valid data pixels, which are then mapped onto a regularly spaced latitude-longitude grid. The monthly AOD is calculated as a simple average of the daily AOD ﬁelds by excluding grid cells with less than 10 available daily AOD values in a month. In addition to the 550 nm channel, we also calculate the daily AOD at the 470 nm and 660 nm channels for MODIS and the 412 nm and 470 nm channels for SeaWiFS. The daily Angstrom Exponent (ANG) is then calculated from the spectral DB AODs at the MODIS 470 nm and 660 nm channels and the SeaWiFS 412 nm and 490 nm channels. To separate the contribution of dust, we derive the optical depth of coarse-size aerosol component, denoted as dust optical depth (DOD), by applying a criterion of ANG < 0.5 to the daily DB AOD. 2.5. Climate Data To investigate the climatic linkages of dust and the climate sensitivities of dust emission and burden, we conduct correlation analysis between the dust (ﬂuxes and observations) and various climate factors. The correlations are based on deseasonalized monthly anomalies to minimize the inﬂuence of dust seasonality. The monthly anomalies are computed by subtracting the monthwise averages from the monthly data. Test for the statistical signiﬁcance of correlations accounts for the autocorrelation in the data series and the loss of degree of freedom in creating the anomalies. The following climate data sets are used. 1. ENSO index. The Oceanic Niño Index (ONI) is calculated as 3 month running mean sea surface temperature (SST) anomaly for the Niño 3.4 region (5°N–5°S, 120°–170°W). Events are typically deﬁned as at least ﬁve consecutive overlapping 3 month periods at or above the +0.5 anomaly for warm (El Niño) events and at or below the 0.5 anomaly for cold (La Niña) events. 2. Drought index. The monthly self-calibrating Palmer Drought Severity Index (PDSI) from Dai [2011] is used. PDSI values range from 10 (dry) to +10 (wet), with values below 3 representing severe to extreme drought events. The drought index is available from 1850 to 2012 at a 2.5° × 2.5° global grid. 3. Precipitation. The Global Precipitation Climatology Project (GPCP) Version 2.2 combined precipitation data set consists of monthly means of the precipitation derived from satellite and gauge measurements, available from 1979 to present on a 2.5° × 2.5° grid. 4. Soil moisture. Based on a number of spaceborne active and passive microwave sensors, the European Space Agency Climate Change Initiative (CCI) has created a global soil moisture essential climate variable data set from 1979 to 2013 [Liu et al., 2011, 2012; Wagner et al., 2012]. Since the microwave sensors are mostly sensitive to the soil water content of the top soil layer (i.e., less than 5 cm) at which aeolian saltation occurs, the CCI data set is used to examine the soil moisture inﬂuence on dust. The version 2.1 0.25° × 0.25° merged daily product is used to create spatially continuous monthly soil moisture maps, hereafter referred to as the CCI_SM product. 2.6. Trend Detection Two statistical methods are used to derive linear trends from the monthly dust ﬂux anomalies: ordinary least squares (OLS) regression and Mann-Kendall (MK) test for monotonic trend with the Theil-Sen slope. The statistical signiﬁcance of OLS trends is assessed by the Student’s t test, and the trend uncertainties are given by the standard error (i.e., 68% conﬁdence interval) of the slope. The MK test is a nonparametric test to determine if there is a monotonic upward or downward trend in a times series [Mann, 1945; Kendall, 1975]. The monotonic trend is given by the Theil-Sen median slope among all lines through pairs of data points [Theil, 1950; Sen, 1968]. The upper and lower 68% conﬁdence intervals of the Theil-Sen slope are estimated using the method of Hollander et al. [2015]. The Theil-Sen estimator is considered more suitable than the OLS regression in case of nonnormally distributed, censored, and missing data, and outliers. By using deseasonalized monthly anomalies, the inﬂuence of autocorrelation on the Theil-Sen slope, especially those associated with dust seasonality, can be minimized. In addition to annual trends, we also calculate the seasonal trends for spring (March-April-May) and summer (June-July-August), through linear regression of the monthly anomalies in each season from all years stacked together.
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3. Incorporation of Land Use Dynamics in Dust Source Representations



Figure 1. Cropland and pasture land use fractions in Central Asia.



Agriculture and water body changes are two major sources of anthropogenic dust [Tegen et al., 2004; Ginoux et al., 2012; Stanelle et al., 2014]. Agriculture includes cultivation of croplands and livestock grazing of pasture lands, the latter being the dominant land use in dryland regions. Figure 1 shows the cropland and pasture fractions in Central Asia in 2005 based on the LUH data set. A rainfed crop belt of wheat and barley stretches eastward from Ukraine to the Ural Mountains and eastern Siberia and southward to the Volga valley and northern Caucasus. Irrigated croplands (e.g., cotton and rice) are mostly located in river deltas and loess deposits of southern and southeastern mountains. Pasture lands span the vast landscapes of desert, steppe, shrublands, and mountainous rangelands with a higher fraction than croplands. Croplands and pasture lands combined account for over 70% of the terrestrial surface in Central Asia.



In addition, the water bodies in Central Asia have undergone drastic changes in the past century. As part of the Soviet agricultural collectivization, large-scale irrigation systems were built in the 1960s to increase the fertility of desert soils. Expanded irrigation by diverting water from the Amu Darya and Syr Darya rivers has caused a persistent reduction in the river discharge and shrinkage of the Aral Sea [Micklin, 2007]. By 2006, the Aral Sea has diminished by 74% in area and 90% in volume. The Aral Sea separated into two parts in 1987: a small north sea and a large south sea. As shown in Figure 2, the south Aral Sea comprises a deep western basin and a shallow eastern basin with a narrow channel connecting them. The eastern basin suffered rapid desiccation in the last few years and became completely dry in 2014. The exposed sea bottom became a prominent dust source, often referred to as Aralkum [Micklin, 2007]. The Aral Sea desiccation necessitates the representation of land cover change in dust models to account for changes in the regional atmospheric circulation and the formation of new source areas [Darmenova and Sokolik, 2007]. In WRF-Chem-DuMo, the land surface is represented by a discrete number of dominant land cover (DLC) types. The DLC is determined as the land type in each grid cell with the largest fraction based on the 24-category U.S. Geological Survey (USGS) Global Land Cover Characteristics Database (hereinafter USGS24). The USGS24 data set is derived from 1 year (April 1992 to March 1993) Advanced Very High Resolution Radiometer NDVI data [Eidenshink and Faundeen, 1994]. Figure 3a shows that USGS24 mainly focuses on natural land types with no categories dedicated for agriculture but instead uses the mosaic classes of cropland and pasture. Because of its static nature, the data set has major representation errors of the present-day areal extent of Aral Sea and the shallow lagoon of Caspian Sea, the Kara-Bogaz-Gol (KBG) gulf. The Aral Sea is incorrectly treated as a full lake and the KBG gulf as a barren area. The KBG gulf was completely dry when a dam was built in 1980 to block water ﬂow from the Caspian Sea. The dam was demolished in 1992, and after that the KBG gulf was reﬁlled with water [Leroy et al., 2006]. As a result, the USGS24 data set needs to be modiﬁed to account for the changes in the land/water mask.
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Figure 2. Landsat image mosaics reveal the evolution of Aral Sea.



Figure 3. (a) The default dominant land cover map in WRF-Chem-DuMo and (b–e) modiﬁcations for dust emission simulations (only four years are shown here).
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How to treat the agricultural effects on dust emission remains a debating issue in the dust model community. Considering the presence of easily erodible materials in cultivated soils, Tegen et al. [2004] assigned a lower threshold velocity to disturbed soils as a function of the cropland fraction. In contrast, Ginoux et al. [2012] and Stanelle et al. [2014] assigned a higher threshold velocity to croplands, considering that managed lands are typically covered with more vegetation than natural deserts and may be protected by soil conservation practices (such as windbreak, tillage, and plant residuals). Deﬁned as the percentage of a land grid cell used as cropland or pasture, the land use fraction hardly represents the degree of land degradation, which may be a better measure of the dust emission potential. Indeed, Mahowald et al. [2007] found no relationship between the dust frequency and agricultural fraction. Here Figure 4. Flowchart of modifying the cropland distribution in the we do not arbitrarily treat agricultural soils dominant land cover map. as more or less productive sources than natural deserts. Rather, we use the LUH agricultural fraction data to reconstruct the spatial distribution of cropland and pasture in the USGS24 data set. The dust emission potential of the cropland and pasture lands depends on the threshold velocity as a function of the surface roughness properties and soil moisture. By comparing Figures 1 and 3a, we ﬁnd that the cropland is represented by the USGS24 DLC categories #2 “Dryland Cropland and Pasture” (hereafter referred to as CAT2) and #3 “Irrigated Cropland and Pasture” (CAT3), while pasture is represented by categories #7 “Grassland” (CAT7) and #8 “Shrubland” (CAT8). Using the method illustrated in Figure 4, we modify the USGS24 cropland distribution based on the LUH cropland fraction. By looping over all grid cells, the fraction of CAT2 or CAT3, depending on whether the grid is rainfed or irrigated cropland, is replaced by the LUH cropland fraction, if the LUH cropland fraction is found to be larger than the CAT2 or CAT3 fraction. Similarly, the fraction of CAT7 or CAT8 in each grid cell, depending on whether the grid is located north or south of 45°N, is replaced by the LUH pasture fraction, if the latter is found to be larger. Then, the fraction of the DLC type in each grid is subtracted to ensure that the fractions of all land types sum to 100%. Finally, a new DLC map is recomputed from the modiﬁed USGS24 land fractions. To correct the land/water mask, we modify the DLC type of the dried Aral Sea to “Barren/Sparsely Vegetated,” and the soil texture to “Silty Clay Loam.” We also modify the DLC type to “Water Bodies” in the KBG grid cells to reﬂect the restoration of KBG gulf. By modifying the cropland and pasture distributions and land/water mask, we are able to reconstruct the up-to-date USGS DLC maps, which are shown in Figures 3b–3e for selected years.



4. Results and Discussions 4.1. Intercomparison of Dust Model Experiments Figure 5 shows the multiyear averaged annual dust ﬂuxes and the time series of domain-averaged monthly dust ﬂuxes for all model experiments. The monthly ﬂuxes are normalized by the maximum value in each experiment. Dust ﬂuxes from TF_Sta and TF_Dyn are aggregated onto a coarse grid (1.25° × 1.0°) to match the resolution of the GOCART dust source functions. The MB_Dry annual dust emissions range from 188.1 to 519.1 Tg, with a mean of 347.5 Tg yr1. In comparison, MB_Wet produces much less dust in the range of 21.8–77.4 Tg (averaged 44.9 Tg yr1). This is due to the smaller mass fraction in the saltation diameter range (60–200 μm) in the soil texture-based soil size distribution data used in MB_Wet [Xi and Sokolik, 2015]. XI AND SOKOLIK
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Figure 5. Comparison of (a–f) multiyear averaged annual dust ﬂuxes and (g) domain-integrated monthly dust ﬂuxes (normalized) from different model experiments.



Nonetheless, MB_Dry and MB_Wet show very similar spatial and temporal distributions of dust emission. The MB_Dry and MB_Wet monthly ﬂuxes are highly correlated with a Pearson’s correlation coefﬁcient (R) of 0.97. Both show the strongest emissions in the following regions: the Caspian Sea coast (including the KBG region), the piedmont and loess deserts off the southern (i.e., Kopet Dag range) and southeastern (i.e., Kuldzhuktau and Karatau) mountains, and the Muyunkum Desert to the north of Karatau Range. Compared to MB_Dry and MB_Wet, the Shao_Dry dust emission is mostly concentrated at the Caspian Sea coast, Ustyurt Plateau, and Aralkum regions, which are barren surfaces with very low NDVI (i.e., NDVI < 0.1). Figure 5g shows that 2001 appears to be an extremely active dust season with an annual emission of 361.9 Tg, 5 times as high as the all-year average (70.7 Tg yr1). According to Xi and Sokolik [2015], the Shao dust ﬂux is highly sensitive to vegetation-induced surface roughness and as a result shifts most dust to barren surfaces and dry seasons. This may explain the strong anomaly in 2001, when Central Asia is inﬂuenced by a prolonged severe drought [Barlow et al., 2002]. Because of the different sensitivities to vegetation, the Shao_Dry and MB_Dry monthly ﬂuxes show moderate correlations (R = 0.25). XI AND SOKOLIK
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Figure 6. Monthly time series of the number of observations of present weather (NPW); visibility (NVIS); severe (NSD), moderate (NMD), and weak (NWD) dust events; all dust events (NDE); weighted dust events (NWDE); the dust frequency (fDE); and weighted dust frequency (fWDE).



By averaging the dust ﬂuxes from MB_Dry, MB_Wet and Shao_Dry, we obtain an experimental mean (Exp_mean) of annual ﬂuxes in a range of 81.0–255.6 Tg (averaged 154.4 Tg yr1). In comparison, Laurent et al. [2006] estimated the East Asia annual dust emission as 100–460 Tg with a mean ﬂux of 242 Tg yr1 during 1996–2001. Based on 14 global models, the Aerosol Comparisons between Observations and Models (AeroCom) phase I estimated an annual dust emission in the range of 539–1736 Tg yr1 for North Africa, 27–873 Tg yr1 for Asia, and 1000–4000 Tg yr1 for the entire globe [Huneeus et al., 2011]. Based on the AeroCom phase II hindcast experiments, North African dust emission differs by a factor of 5 among ﬁve global models ranging from 422 to 2025 Tg yr1 [Kim et al., 2014]. Since we only consider the main dust season (March–October), the actual annual dust ﬂux in Central Asia could be higher than our estimates, although the contribution from the winter season is expected to be small. Compared to MB and Shao, the TF scheme generates more spatially homogeneous emissions. TF_Sta produces most dust from the Caspian Sea coast, the east Karakum Desert, and the Kyzylkum Desert, while TF_Dyn shifts most emissions to the Karakum and Kyzylkum Desert. By using the dynamic dust source function accounting for vegetation changes, the TF_Dyn monthly dust ﬂuxes yield a higher correlation (R = 0.60) with Exp_mean than between the TF_Sta and Exp_mean (R = 0.49). It suggests that the dynamic source function is a better representation of the soil erodibility dynamics than the static source function. 4.2. Comparison Between Dust Emission and Dust Frequency Data quality and consistency are critical for long-term change and trend analysis. As pointed out by Shao et al. [2013], the MIDAS surface station data have a few quality issues. Figure 6 shows that prior to 1998, the number of monthly PW (NPW) observations at all sites is consistent with the number of visibility (NVIS) observations, whereas after 1998 there is a large step decrease in NPW. The reduction in NPW is found to occur at most stations except those located in highly populated cities. Also, after 1998 NPW displays a distinct seasonality with a winter maximum and a summer minimum, possibly because of the reduced observation schedule during summer. While the exact reason for the changes in NPW is unknown, the temporal inconsistency is a potential bias in calculations of the dust frequency. Despite the better temporal consistency, we do not use the visibility data because we notice that visibility reduction is the worst during winter, indicative of strong inﬂuence by nondust factors. The interference of nondust events cannot be screened using coincident PW observations, because of the disparity between NPW and NVIS after 1998. Figure 6 shows that the number of dust events in each month is not affected by the changes in NPW. The NSD, NMD, and NWD consistently show prominent dusty weather during summer. NWD is generally larger than NSD and NMD, suggesting that the dusty weather is dominated by weak events. Large NSD and NMD values during XI AND SOKOLIK
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Table 2. Correlation Coefﬁcients (R) Between the Monthly Anomalies of Dust Fluxes, Dust Frequency, and Satellite DOD



fDE fWDE MODIS_C5 MODIS_C6 SeaWiFS a



MB_Dry



MB_Wet



Shao_Dry



TF_Sta



TF_Dyn



0.26 0.29 0.09 0.02 0.14



0.29 0.24 0.05 0.00 0.06



0.09 0.37 0.56 0.23 0.39



0.22 0.48 0.37 0.07 0.31



0.42 0.46 0.51 0.41 0.32



R values in bold are statistically signiﬁcant at 95% conﬁdence level.



2001–2002 indicate an unusually high frequency of dust outbreaks, whereas NWD displays an increasing tendency from 2000 to 2014. As a result, NDE and fDE show two peaks at the beginning and end of the study period. In contrast, due to the large weight on severe events, NWDE and fWDE peak in 2000–2001 and decrease afterward. Among all the stations, we identify the following with the largest NWDE: Aralskoe More (46.8°N, 61.6°E), Dzhusaly (45.5°N, 64.1°E), Kyzylorda (44.8°N, 65.5°E), Taipak (49.1°N, 51.8°E), and Termez (37.2°N, 67.3°E). Table 2 shows the correlation coefﬁcients (R) between the dust ﬂux and frequency. Because the correlation involves two different physical quantities, the main purpose is to reveal the difference among the model experiments in describing the dust interannual variations represented by a given data set, rather than to use correlation as a criterion to judge the model performance. Overall, fWDE has stronger correlations with dust ﬂuxes than fDE, suggesting that fWDE is a better measure of the dust outbreak severity. This has direct implications to the derivation of dust frequency from synoptic weather records, as not only the number of dust events, but their intensity, have to be considered to better capture the dynamics of dust activity. Among the dust schemes, Shao has a slightly better correlation with fWDE than MB. Also, TF has a better correlation with fWDE than MB and Shao. Thus, the percentage of variance explained in the dust frequency differs greatly among the model experiments. 4.3. Comparison Between Dust Emission and AOD Figure 7 shows the multiyear averaged monthly AOD (550 nm) based on seven satellite data sets: MODIS/Terra C5 DB (2000–2007), MODIS/Terra C6 DB (2000–2014), MODIS/Terra C6 Merged (2000–2014), MODIS/Aqua C5 DB (2003–2014), MODIS/Aqua C6 DB (2003–2014), MODIS/Aqua C6 Merged (2003–2014), and SeaWiFS (1998–2010). To give a complete picture of product performance, the multiyear monthly AODs of each product are averaged regardless of the retrieval fraction in each grid cell. The retrieval fraction is deﬁned as the fraction of the number of days with valid retrievals in a month and depends on the pixel count used in averages, shown in Figure 7. The pixel count is highest over desert areas and decreases toward higher latitudes as clouds become more frequent and satellite scans have less overlaps. Only QA = 2 or 3 pixels from the MODIS Level 2 granules are used. The QA ﬁltering results in a linear feature at 40°N on the MODIS C5 DB AOD maps, which was also found by Shi et al. [2013]. This feature does not appear in the C6 DB AOD because of the different QA deﬁnition in the enhanced DB algorithm [Hsu et al., 2013]. Over shallow coastal waters, such as the Aral Sea and northeast Caspian Sea, there are systematic overestimates of AOD due to violation of the dark water assumption in the DT algorithm [Li et al., 2003]. In these regions the pixel count is very low (i.e., less than 10 month1). For regions with larger pixel count, the comparison between the MODIS DB AOD products reveals much larger differences between product versions (i.e., C5 versus C6) than between platforms (i.e., Terra versus Aqua). For instance, the C5 DB AOD is twice as large as the C6 DB AOD over the Taklamakan Desert. The domain-averaged C5 DB AOD is 19% higher than C6 for MODIS/Terra and 29% higher for MODIS/Aqua. The decrease in C6 AOD is caused by two factors. First, the retrieval fraction is substantially higher in C6 by increasing the valid pixel count in the southern desert region and expanding the DB algorithm to the northern steppe area. The total pixel count in C6 is doubled compared to C5. Second, by comparing the averaged AOD from collocated pixels in C5 and C6, we ﬁnd that the algorithm changes in C6 are also responsible for the AOD reduction. For example, the C5 AOD is 23% higher than the C6 AOD based on the collocated pixels in the MODIS/Aqua C5 and C6 products.
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Figure 7. (ﬁrst and second rows) Comparison of multiyear averaged monthly AOD at 550 nm and (third and fourth rows) pixel count in averages from different satellite products. MODIS data are on a 0.25° × 0.25° grid, while SeaWiFS data are on a 0.5° × 0.5° grid.



The differences between C5 and C6 DB AOD reveal the strong impact of sensor calibration and algorithm changes on AOD retrieval. Ironically, preliminary validation studies showed similar performance in retrieval uncertainty for the C5 and C6 DB AOD based on Aerosol Robotic Network (AERONET) observations from stations of arid regions [Sayer et al., 2013]. Through comparison against AERONET data in North Africa, Shi et al. [2013] found that the C5 AOD was underestimated for the dust aerosol type and over bright desert surfaces. They suggested that a correction factor of 1.1–1.3 signiﬁcantly improved the accuracy of C5 AOD, which may also be applicable for the C6 data. The ﬁndings of Shi et al. [2013] are likely to be applicable for Central Asia, especially for the bright desert surfaces (e.g., Karakum and Kyzylkum) where the DB algorithms in C5 and C6 produce very low AOD values. Because of lacking reliable validation data, it is impossible to assess the quality and accuracy of C5 and C6 AOD in Central Asia. The lack of ground truth poses a great challenge not only for algorithm evaluation but also for selecting suitable aerosol models to represent the region-speciﬁc aerosol characteristics in the retrieval algorithm.
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Figure 8. Time series of monthly (a) AOD and (b) DOD from different satellite products.



As shown in Figure 7, the C6 merged AOD introduces discontinuities between the DT and DB algorithms, for example, at 48° N beyond which the DB AOD is replaced by the DT AOD. Overall, there are small differences between the C6 DB and merged AODs over land. The SeaWiFS multiyear averaged AOD is of similar magnitude (i.e., within 10% difference for domain averages) compared to MODIS C6. SeaWiFS produces no retrievals over the dried Aral Sea, which is probably mistreated as water body in the algorithm. Figure 8a shows the monthly AOD time series, calculated by averaging the daily AOD products, and excluding grid cells with less than 10 available daily values in a month. The data sets are consistent with each other by showing maximum aerosol burden during summer; however, the AOD magnitude differs greatly. The MODIS C5 DB AOD is twice as high as others in the peak dust seasons. To create a gap-free AOD data set covering the entire study period, we combine the DB AOD of MODIS/Terra and MODIS/Aqua, by averaging the daily spectral AOD over the overlapping years (i.e., 2003–2007 for C5 and 2003–2014 for C6). Combination of the morning and afternoon scans of Terra and Aqua increases the pixel count in creating the daily AOD maps. The combined data sets will be hereafter referred to as MODIS_C5 and MODIS_C6 AOD. The MODIS_C5 and MODIS_C6 daily spectral AOD data are then used to derive the DOD, shown in Figure 8b. The SeaWiFS DOD has several gaps because of the discontinuity in the AOD data. The derived DOD data are generally consistent with fWDE, with a correlation coefﬁcient of 0.51, 0.35, and 0.34 for MODIS_C5, MODIS_C6, and SeaWiFS, respectively. In Table 2, the correlation coefﬁcients between the dust ﬂux and DOD monthly anomalies are similar to those between the dust ﬂux and fWDE. There are poor correlations between the MB_Dry and MB_Wet dust ﬂuxes and DOD. In contrast, the strong correlation between Shao_Dry dust ﬂux and DOD suggests that the Shao scheme captures a larger proportion of dust variations in the satellite data. Among the DOD products, MODIS_C5 has a higher correlation with the dust ﬂux than MODIS_C6 and SeaWiFS. Similar to fWDE, DOD is strongly correlated with the TF dust ﬂuxes, especially TF_Dyn. This is no surprise as the dust source functions are based on dust source maps derived from the Total Ozone Mapping Spectrometer aerosol index product and, more recently, the MODIS DB AOD product [Prospero et al., 2002; Ginoux et al., 2012]. As suggested by Kok et al. [2014], the use of empirical dust source functions in climate models can underestimate the dust sensitivity to soil erodibility changes driven by climate change, even though they generally lead to improved model comparison against historical dust observations. In fact, the weak correlation between the MB dust ﬂuxes and DOD manifests the nonlinear relationship between dust emission and burden, which depends on the initial dust size distribution and atmospheric processes that determine the dust particle residence time. By using satellite-derived dust source functions, the TF scheme implicitly increase the variance explained in the satellite observations by the dust ﬂuxes. In addition, the XI AND SOKOLIK
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Figure 9. Time series of ENSO, PDSI, and standardized anomalies of GPCP precipitation, CCI_SM soil moisture, and NDVI. Six month running means are shown for clarity.



comparison between TF_Sta and TF_Dyn demonstrates the need for an accurate characterization of the dust source dynamics associated with vegetation changes. 4.4. Climatic Controls of Dust Variability Large-scale climate forcing affects dust emission through changes in the wind erosive force and soil erodibility affected by precipitation, soil moisture, and vegetation. The wind regime responsible for dust outbreaks in Central Asia is mostly associated with cyclonic activities associated with the seasonal migration of the Asiatic polar front and interactions with the Siberian High and westerly winds [Machalett et al., 2008]. In general, spring is associated with more frequent high winds than summer is. During spring, the westward extension of the Siberian High causes cold air intrusions from north, northwest, and northeast directions [Orlovsky et al., 2005]. During summer, cold invasions from west and northwest can cause unstable atmosphere and postfrontal dust storms [Littmann, 1991]. Meanwhile, the intensive solar heating leads to formation of a thermal depression over deserts and potentially turbulent uplifting of dust particles [Machalett et al., 2008]. On the other hand, precipitation affects dust emission indirectly via changes in soil moisture and vegetation. The increase in soil moisture after a rainfall event can suppress dust mobilization; however, the effect may be limited due to the quick evaporation loss of soil water [Ravi et al., 2006]. As a key water supply for desert vegetation, precipitation further inhibits dust emission by reducing soil exposure and increasing surface roughness [Xi and Sokolik, 2015]. Thus, the precipitation effects on dust emission may be cumulative, due to the land memory of soil moisture and vegetation [e.g., Zou and Zhai, 2004]. In Central Asia, precipitation occurs primarily during late winter and early spring resulting from orography capture of eastward propagating midlatitude cyclonic storms, known as western disturbances, generated over the Atlantic Ocean and Mediterranean Sea [Martyn, 1992]. A strengthening of the westerly cyclones leading to above-normal winter precipitation has been linked to an intensiﬁed trough situated over the Caspian Sea, extending to north India during warm ENSO or El Niño events [Barlow et al., 2002; Syed et al., 2006, 2010; Yadav et al., 2009, 2010]. Mariotti [2007] also noted under El Niño conditions that a high-pressure anomaly over the Indian Ocean led to an enhanced southwesterly moisture ﬂux from the Arabian Sea to central and southwest Asia. Syed et al. [2006, 2010] suggested that the North Atlantic Oscillation (NAO), a dominant mode of winter variability, may also affect the westerlies. Because of the close relationship between Arctic Oscillation (AO) and NAO, positive ENSO and AO can lead to a weaker Siberian High, which allows a stronger moisture ﬂux into Central Asia [Small et al., 1999; Cheung et al., 2012]. In recent decades, ENSO plays a dominant role in regulating the climate of Central and Southwest Asia, although ENSO may interact with other teleconnection patterns and local forcing (e.g., orography) [Yadav et al., 2009, 2010]. Given the strong ENSO inﬂuence on the climate of Central Asia, we ﬁrst examine the connection of ENSO with the dry anomaly or drought in the last 60 years. Strong La Niña events, such as the prolonged 1998–2001 event with unusually warm SST in the west Paciﬁc, are known to cause severe drought in central and southwest Asia [Barlow et al., 2002]. Figure 9 conﬁrms that ENSO is closely connected with the drought severity in Central Asia. The maximum correlation (R = 0.48) between ENSO and PDSI is obtained when ENSO leads by 4–5 months. This is consistent with Dai [2011] who identiﬁed a dominant mode of variability in global drought controlled by ENSO and obtained a maximum correlation between ENSO and PDSI when



XI AND SOKOLIK



DUST VARIABILITY IN CENTRAL ASIA



12,188



Journal of Geophysical Research: Atmospheres



10.1002/2015JD024092



a



Table 3. Correlation Coefﬁcients (R) Between the ENSO Index and Dust Observation Monthly Anomalies ENSO



fWDE MODIS_C5 DOD MODIS_C6 DOD SeaWiFS DOD a



No Lead



3 Month Lead



6 Month Lead



9 Month Lead



1 Year Lead



0.13 0.16 0.32 0.13



0.16 0.34 0.41 0.17



0.14 0.49 0.46 0.25



0.05 0.46 0.43 0.27



0.11 0.40 0.36 0.26



R values in bold are statistically signiﬁcant at 95% conﬁdence level.



ENSO led by 6 months. In addition, Figure 9 shows that PDSI is strongly correlated with the CCI_SM soil moisture (R = 0.44), GPCP precipitation (R = 0.45), and the NDVI (R = 0.34). To investigate the ENSO effect on dust, we compute the correlations between ONI and deseasonalized dust observations as shown in Table 3. The negative ENSO-dust correlation suggests that the dust activity is intensiﬁed during La Niña years and weakened during El Niño years. The correlation is maximized when ENSO leads by about 6 months, indicating a cumulative effect of ENSO on dust. Because there is a 4 month gap in the dust ﬂuxes, it is impossible to look for a similar time-lag correlation between ENSO and dust emission. Instead, we identify the El Niño (2002, 2004, 2006, and 2009) and La Niña (2000, 2001, 2007, 2008, 2010, and 2011) years in the study period according to the autumn-winter ONI. We then calculate the annual dust ﬂuxes and observations averaged over the El Niño and La Niña years. We ﬁnd that the dust frequency and DOD are consistently higher under La Niña conditions, while the dust ﬂuxes show mixed responses to ENSO among the model experiments. Shao_Dry produces a lot more (56%) dust, while MB_Dry and MB_Wet produces less dust (11% for MB_Dry and 21% for MB_Wet) during La Niña years than during El Niño years. Apparently, the lag correlation between ENSO and dust is consistent with the relationship between ENSO and drought. It is thus likely that the dust activity in Central Asia is affected by drought through the linkage with ENSO. Drought is a complex phenomenon and connected to a number of factors, which directly affect the dust emission and burden. Compared to the individual factors, drought or PDSI is an integrative measure of the soil moisture and vegetation state. Through a correlation analysis, we evaluate the explanatory power of several factors to the dust interannual variability, including surface winds represented by the frequency of strong wind speeds deﬁned as u10 > 6.5 m s1, precipitation, soil moisture, NDVI, surface bareness, and PDSI. To correlate with dust observations, the strong wind frequency is derived from wind measurements from more than 110 MIDAS surface stations. To correlate with dust ﬂuxes, the strong wind frequency is derived from half-hourly model simulations of u10 over the southern desert area. The surface bareness is deﬁned as the percentage of snow-free land areas with NDVI < 0.1. For the MB_Dry, MB_Wet, and Shao_Dry experiments, we consider three additional factors from the model: the threshold friction velocity u*t and its correction terms for soil moisture Hw and surface roughness Hr. Hw and Hr represent the enhancement in the u*t due to soilmoisture-induced interparticle cohesion and roughness element-induced surface drag loss, respectively. All considered factors fall into two broad categories: wind erosive power and soil erodibility. While ENSO strongly affects the soil erodibility, there is no clear relationship between ENSO and surface winds. a



Table 4. Correlation Coefﬁcients (R) Between Dust and Climate Factors Observation



Strong winds Precipitation Soil moisture NDVI Surface bareness PDSI u*t Hw Hr a



Dust Flux



fWDE



MODIS_C5



MODIS_C6



SeaWiFS



MB_Dry



MB_Wet



Shao_Dry



Exp_mean



TF_Sta



TF_Dyn



0.44 0.11 0.11 0.02 0.09 0.16 -



0.28 0.06 0.04 0.31 0.28 0.25 -



0.03 0.2 0.34 0.52 0.35 0.29 -



0.26 0.21 0.10 0.05 0.25 0.05 -



0.52 0.12 0.12 0.02 0.02 0.07 0.24 0.26 0.06



0.48 0.35 0.11 0.01 0.03 0.06 0.24 0.26 0.07



0.27 0.08 0.08 0.13 0.48 0.23 0.15 0.02 0.28



0.56 0.14 0.13 0.04 0.19 0.16 -



0.67 0.06 0.03 0.04 0.23 0.12 -



0.67 0.07 0.05 0.20 0.32 0.13 -



R values in bold are statistically signiﬁcant at 95% conﬁdence level.
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) of Dust Fluxes OLS



MB_Dry MB_Wet Shao_Dry Exp_mean TF_Sta TF_Dyn



Trend Uncertainty Trend Uncertainty Trend Uncertainty Trend Uncertainty Trend Uncertainty Trend Uncertainty



Theil-Sen



Annual



Spring



Summer



Annual



3.70** 1.38 0.33* 0.20 1.94** 0.68 2.00** 0.59 1.74** 0.34 3.31** 0.73



10.49** 3.27 0.67 0.43 2.07 1.57 4.41** 1.53 4.66** 1.69 9.37** 3.61



4.47 6.97 0.32 0.92 7.70* 4.01 4.17 3.12 3.66** 1.58 8.00** 3.03



3.10** “”[4.00, 2.18] 0.29 ** [0.40, 0.15] 0.00 [0.31, 0.00] 1.39** [1.74, 0.98] 1.74** [2.08, 1.40] 3.26** [4.00, 2.48]



a



The uncertainty of ordinary least squares (OLS) linear trends is given by the standard error (i.e., 68% conﬁdence interval) of the slope. The upper and lower 68% conﬁdence intervals of the Theil-Sen slope are estimated using the method of Hollander et al. [2015]. **Signiﬁcant trends at 95% level. *Signiﬁcant trends at 90% level.



The correlation coefﬁcients between the monthly anomalies of dust and climate factors are summarized in Table 4. Overall, the dust observations and ﬂuxes are highly correlated with the strong wind frequency, indicative of the dominant role of wind erosive power in controlling the dust interannual variability. Surprisingly, the MODIS_C6 DOD shows a poor correlation with wind speeds, whereas it is strongly correlated with the soil erodibility factors. The strong contrast in the connections of MODIS_C5 and MODIS_C6 DOD with the wind and surface factors is intriguing, since the MODIS_C5 and MODIS_C6 DOD are highly correlated (R = 0.72). Because the C6 DB algorithm has many changes compared to C5, it is difﬁcult to identify the exact reasons for the different climate sensitivity of MODIS_C5 and MODIS_C6 DODs (A. Sayer, personal communication, 2015). We speculate that it may be caused by the disproportionally large decrease in the MODIS_C6 DOD during summertime dust outbreaks, which consequently reduces the DOD sensitivity to the summer peak of strong wind frequency. By screening the nondust events with generally low AOD using the criterion ANG < 0.5, the reduction in MODIS_C6 DOD is mainly caused by the algorithm changes that lower the AOD values of dust event pixels, rather than by the increase in retrieval fraction. Since the MODIS C5 AOD is already underestimated according to Shi et al. [2013], the algorithm changes are likely to be responsible for the widened underestimation bias in the C6 AOD. The updated radiometric calibration in C6 may also play a role. Sayer et al. [2013] showed some differences in the temporal variations of C5 and C6 AOD biases resulting from sensor calibrations. This may add inconsistency in the responses of retrieved AOD to climate factors. Compared to C6, the MODIS C5 aerosol product has a better performance by capturing the wind speed dependence of dust-dominated aerosol loading in Central Asia. Compared to dust observations, dust ﬂuxes generally have weaker and statistically insigniﬁcant correlations with the erodibility factors and consequently are less sensitive to ENSO. Among the model experiments, MB_Dry and MB_Wet are highly correlated with wind speeds but show weak correlations with the erodibility factors. In comparison, Shao_Dry is moderately correlated with wind speeds but highly correlated with surface bareness and drought. This explains the extreme dust season of 2001 in Shao_Dry, when the drought event causes anomalously low vegetation cover. In fact, the extremely dusty year 2001 is an outlier in the Shao_Dry dust ﬂux time series and undermines the dust ﬂux correlation with climate factors. Compared to MB and Shao, the TF_Sta and TF_Dyn dust ﬂuxes show stronger correlations with wind speeds but insignificant correlations with soil erodibility factors, which is most likely due to the use of a ﬁxed u*t in the TF scheme. The weak correlations between dust ﬂuxes and erodibility factors imply that these variables may not be the optimal representation of soil erodibility and only capture a small percentage, if any, of the dust emission variability. Indeed, Table 4 shows stronger correlations between the dust ﬂuxes and the soil erodibility model parameters, including u*t, Hw, and Hr. The dust variability is tied to changes in the erosion threshold velocity, albeit through different pathways for MB and Shao. The MB_Dry and MB_Wet dust ﬂuxes are strongly correlated with Hw but poorly correlated with Hr, consistent with their correlations with soil moisture and NDVI. For Shao_Dry, Hr appears to have more controls on the variability of u*t and dust ﬂux than Hw, which XI AND SOKOLIK
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Figure 10. (top) OLS linear trend and Theil-Sen slope based on the Exp_mean dust ﬂux monthly anomalies; (middle) Standardized monthly anomalies (3 month running means) of the frequencies of modeled and observed strong surface winds; and (bottom) NDVI monthly anomalies (3 month running means) over Central Asia and Russian boreal forest. All trends shown on plots have a unit of per month. The double asterisk denotes signiﬁcant trends at 95% level.



is also consistent with the dust correlation with soil moisture and surface bareness. Seemingly, the Shao_Dry dust ﬂux has a weaker correlation with u*t than MB_Dry or MB_Wet, which is in fact due to the outlier year 2001. We ﬁnd that the correlation between the Shao_Dry dust ﬂux and u*t is greatly improved (R = 0.38) for the period of 2002–2014. 4.5. Analysis of Dust Trends Table 5 summarizes the annual and seasonal trends of dust ﬂuxes. All model experiments show decreasing trends in dust emission, although their magnitude and statistical signiﬁcance differ. Due to the strong dust emission, MB_Dry produces a stronger trend (3.70 ± 1.38 × 103 g m2 yr1) than those of MB_Wet (0.33 ± 0.20 × 103 g m2 yr1) and Shao_Dry (1.94 ± 0.68 × 103 g m2 yr1). The linear trends based on MB_Dry and MB_Wet are consistent with the Theil-Sen slope and uncertainty. According to the multiexperiment mean Exp_mean, dust emission decreases at a rate of 2.00 ± 0.59 × 103 g m2 yr1 from 2000 to 2014. The seasonal trends are generally higher than annual trends but with a larger uncertainty due to strong interannual variability. While the MB scheme produces stronger dust trends during spring, Shao shows a stronger decline in dust emission during summer due to shift of dust activity to summer. TF_Sta produces a similar trend to Exp_mean, whereas the TF_Dyn trend is much steeper. The difference between TF_Sta and TF_Dyn is due to the different simulation time periods, rather than the dust source functions. For the overlapping period of 2000–2008, TF_Sta and TF_Dyn produce very similar trends (i.e., within 3% difference), suggesting that the dust source function has little impact. To uncover the driving factors of the decline in dust emission, Figure 10 shows the OLS regression and Theil-Sen slope lines based on the Exp_mean dust ﬂux anomalies. Apparently, the dust trends are accompanied by a decrease in the frequency of strong wind speeds. This is not surprising given the strong dependence of dust ﬂux on wind speeds, especially the high tail of the wind speed distribution. The question is What has caused the wind slowdown? Vautard et al. [2010] reported a widespread decline in u10, called wind stilling, in XI AND SOKOLIK
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northern midlatitudes from 1979 to 2008. In particular, they found strong negative trends in the annual mean u10 0.52** 0.24 fDE (0.016 m s1 yr1) and the annual fre0.63** 0.21 fWDE MODIS_C5 AOD 2.4 3.2 quency of u10 > 7 m s1 (1.8% yr1) MODIS_C5 DOD 0.24 2.4 in a region covering Central Asia and MODIS_C6 AOD 3.5** 0.9 Russia. Vautard et al. [2010] suggested MODIS_C6 DOD 2.6** 0.7 that the wind stilling was largely attribuSeaWiFS AOD 3.3** 1.3 SeaWiFS DOD 3.6** 1.0 ted to the enhanced surface roughness from thriving vegetation, speciﬁcally **Signiﬁcant trends at 95% level. the Eurasian boreal forest, and, to a lesser extent, changes in the atmospheric circulation. Here we ﬁnd that during 2000–2014 the frequency of observed strong surface winds decreases at a rate of 0.13 ± 0.02% yr1 and the simulated winds at a rate of 0.17 ± 0.11% yr1. To investigate the linkage of wind stilling with vegetation, we have analyzed the NDVI trends over our study domain and the Russian boreal forest (55°–65°N, 45°–100°E). Figure 10 shows that NDVI decreases at a rate of 0.0019 ± 0.0005 yr1 in Central Asia and increases at a rate of 0.0019 ± 0.0014 yr1 over the Russian forest. According to boundary layer theory, surface roughness only has a local effect on near-surface winds. Thus, vegetation is unlikely to be responsible for the wind stilling in Central Asia, which is more likely to result from changes in regional or global atmospheric forcing. Through sensitivity studies Bichet et al. [2012] conﬁrmed that surface roughness alone could not explain the observed wind slowdown in Central Asia and suggested other factors, such as greenhouse gas and aerosol emissions, also played a role. Indeed, increased emissions of light-absorbing aerosols in Asia may cause warming in the upper atmosphere, increase the atmospheric stability, and reduce downward momentum transport through vertical mixing [Xu et al., 2006]. As a result, there could be a negative feedback of dust emission through modulating the atmospheric thermodynamic structure and surface winds. Trend



Uncertainty



Through linear regression, we also derive the annual trends of dust frequency and satellite AOD. The statistical signiﬁcance of these trends follows the method of Weatherhead et al. [1998], which was used in a number of studies [e.g., Zhang and Reid, 2010; Hsu et al., 2012; Yoon et al., 2012]. In this method, the monthly residual after removing the linear trend is assumed to be autocorrelated with a lag of 1 month. rﬃﬃﬃﬃﬃﬃﬃﬃﬃ 1þφ σ The trend uncertainty is given by 1:5 1φ , where σ is the standard deviation of the residuals, N is the N number of years, and φ is the autocorrelation coefﬁcient of monthly residuals with a lag of 1 month. Hence, the trend uncertainty depends on the noise level and autocorrelation of the noise. The statistical signiﬁcance is assessed by the ratio of the linear trend to its uncertainty. If the ratio is higher than 2, the trend is considered signiﬁcant at 95% conﬁdence level. If the ratio is higher than 1.65, the trend is signiﬁcant at 90% level. Table 6 shows that fDE and fWDE both generate signiﬁcant trends but with opposing signs. As shown in Figure 6, the opposing trends stem from the way how dust event categories are weighted in computing fDE and fWDE. While fDE treats all dust events with equal weights, fWDE applies larger weights to strong events and thus more realistically represent the dust emission strength. This highlights potential biases in using semiquantitative dust records, such as the horizontal visibility and synoptic weather data, in analyzing long-term changes in dust activity without careful calibration of the weight coefﬁcients of dust events. Similarly, satellite AOD observations show a large disparity in both the magnitude and sign of trends. Apparently, the MODIS_C5 AOD and DOD show opposing but insigniﬁcant trends, which, however, are very uncertain. The MODIS_C6 and SeaWiFS AOD products produce signiﬁcant trends but with different signs. In Table 3 we have shown that satellite observations, especially MODIS, are highly correlated with ENSO. This can make it difﬁcult to derive robust AOD trends due to the inﬂuence of low-frequency climate variability. To separate the ENSO effect on the dust variability, we compute the two leading modes of variability from the empirical orthogonal function (EOF) analysis of the MODIS_C5 AOD monthly anomalies, as shown in Figure 11. The ﬁrst mode, which explains over 50% variance of the AOD anomaly, is controlled by ENSO, which is shown to be highly correlated (R = 0.53) with the temporal coefﬁcient when leading by 6 months, consistent with the ﬁndings in Table 3. The second mode, which explains 12.6% of the AOD variance, XI AND SOKOLIK
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Figure 11. Temporal (black curve) and spatial patterns of the two leading EOFs of MODIS_C5 AOD monthly anomalies during 2000–2014. (left column) The percentage variance explained by the EOFs. The temporal coefﬁcient of PC 1 reaches a maximum correlation (R = 0.53) with ENSO (red curve) when ENSO leads by 6 months.



represents a decreasing tendency over the Ustyurt Plateau and KBG regions and an increasing tendency over the sandy and loess desert areas. Because, as shown in Figure 7, large AOD values occur in the Ustyurt Plateau, Caspian Sea coasts, and KBG region, the second mode can be regarded as a negative dust trend when averaged over the study domain. For the MODIS_C6 AOD, we ﬁnd that the ﬁrst and second leading EOFs account for 17% and 9.5% explained variance of the dust anomalies, respectively. Similarly, the ﬁrst mode is highly correlated with ENSO (R = 0.47) when ENSO leads by 6 months, while the second mode suggests a decreasing dust trend over the Caspian coasts, Ustyurt Plateau, and KBG regions. This reafﬁrms the decreasing trend over the high AOD regions after the ENSO effect is removed. For the SeaWiFS AOD, the ﬁrst and second EOF modes combined explain 41% of the dust variability. However, ENSO has much lower controls on the ﬁrst mode (R = 0.11) compared to the MODIS data. Interestingly, Figure 11 shows that the temporal coefﬁcients of the second mode show reversed dust trend after 2011, which may result from the increase in wind speeds. Because of the strong dependence of AOD on ENSO, the positive trends of MODIS_C6 in Table 6 are inherently a result of the modulation of low-frequency climate variability. This is contrasting to the dust emission, which is less sensitive to ENSO. The relatively weak relationship between dust emission and ENSO, as opposed to that between dust burden and ENSO, has been previously noted in Gong et al. [2006] and Hara et al. [2006]. They showed that ENSO had a stronger connection with the dust transport route and ﬂux than dust emission by affecting the position and intensity of the westerlies in East Asia.



5. Conclusions We present a comprehensive analysis of the dust interannual variability and trend in Central Asia from 2000 to 2014 based on dust emission simulations and dust observations. Five model experiments have been conducted using the WRF-Chem-DuMo model with different dust schemes and soil grain size distribution. Dust observations include the dust frequency derived from surface station synoptic weather records, and deep blue AOD and DOD from MODIS and SeaWiFS instruments. Our analysis identiﬁed and reconciled the signiﬁcant differences in the spatiotemporal distribution of dust emission and burden, and in the climate sensitivity of dust aerosol among the dust model and observations. Nonetheless, the model and observations
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consistently revealed a signiﬁcant negative trend in the dust activity from 2000 to 2014, which is driven by a decrease in the frequency of strong surface winds. Intercomparison of model experiments shows that the soil size distribution has little impact on the interannual variability of dust emission, although it strongly affects the emission magnitude. The two physically based dust schemes (MB and Shao) in WRF-Chem-DuMo produce large differences in the dust emission magnitude, spatial distribution, and interannual variability, largely because of the different dust sensitivities to vegetation changes resulting from different parameterizations of surface roughness effects on the threshold friction velocity. Correlation analysis shows that the MB and Shao dust ﬂuxes are consistent with the observed dust frequency. However, the MB dust ﬂuxes are poorly correlated with satellite observations. Compared to MB and Shao, the TF scheme, which uses a ﬁxed threshold velocity, relies on an accurate representation of vegetation changes in the dust source function to capture the observed dust variability. TF generally has a better correlation with dust observations, especially when using the dynamic source function accounting for the vegetation dynamics. That is because the dust source function is based on satellite aerosol observations and thus inherently leads to closer relationship between the TF dust ﬂuxes and dust burden observations. Although the dust source function leads to improved model comparison against historic dust observations in the TF dust ﬂuxes, it can underestimate the climate sensitivity of the dust ﬂux to soil erodibility changes resulting from climate variability and change. Correlation analysis shows very different sensitivities of the dust ﬂuxes and observations to the wind erosive force and soil erodibility factors (such as precipitation, soil moisture, vegetation, and surface bareness). All dust ﬂuxes and observations are strongly correlated with the frequency of strong surface winds, except for the MODIS C6 data. Compared to MODIS C5, various changes in the enhanced deep blue algorithm used in MODIS C6 are responsible for the AOD underestimation in Central Asia, especially during peak dust seasons, and for the reduced sensitivity of DOD to wind speeds. Because of this, it is reasonable to conclude that the MODIS C5 aerosol products have a better performance by capturing the wind speed dependence of dust-dominated aerosol loading in Central Asia. Compared to the dust ﬂuxes, dust observations, especially MODIS C6 DOD, show higher sensitivities to soil erodibility factors, which are inﬂuenced by ENSO. In general, La Niña events lead to a drought anomaly in Central Asia with drier soils and less vegetation and therefore more dustiness.
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All model experiments show decreasing trends in dust emission, although the magnitude and statistical signiﬁcance of these trends differ. Based on the averaged dust ﬂux (Exp_mean) from MB and Shao model experiments, dust emission decreases at a rate of 2.00 ± 0.59 × 103 g m2 yr1 from 2000 to 2014. The negative dust trend is also found in the dust frequency, when the dust events are given different weights based on their intensity in deﬁning the dust frequency. Because of the strong inﬂuence by ENSO, it is difﬁcult to identify robust trends from satellite AOD products. Only when the ENSO effect is removed does the AOD data show decreasing tendencies in the dust burden. Given the interference of low-frequency climate variability, a longer satellite data record is highly desirable for dust trend analysis. The decline in dust activity in Central Asia is driven by a decrease in the frequency of strong surface winds. The wind slowdown is mostly likely due to changes in the large-scale atmospheric circulation, rather than the vegetation-induced surface roughness.
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Erratum In the originally published version of this article, two instances of text were incorrectly typeset. The following have since been corrected and this version may be considered the authoritative version of record. In the abstract, (0.63 ± 2.1 × 103 yr1) was changed to (0.63 ± 0.21 × 103 yr1). In the introduction, 31 March to 1 October was changed to 1 March to 31 October.



XI AND SOKOLIK



DUST VARIABILITY IN CENTRAL ASIA



12,197



























[image: Inequality, inflation, and central bank ... - Wiley Online Library]
Inequality, inflation, and central bank ... - Wiley Online Library












[image: Exposure to cement dust, related occupational ... - Wiley Online Library]
Exposure to cement dust, related occupational ... - Wiley Online Library












[image: Interchromatidal central ridge and transversal ... - Wiley Online Library]
Interchromatidal central ridge and transversal ... - Wiley Online Library












[image: ELTGOL - Wiley Online Library]
ELTGOL - Wiley Online Library












[image: Thermodynamics versus Kinetics in ... - Wiley Online Library]
Thermodynamics versus Kinetics in ... - Wiley Online Library












[image: Rockets and feathers: Understanding ... - Wiley Online Library]
Rockets and feathers: Understanding ... - Wiley Online Library












[image: XIIntention and the Self - Wiley Online Library]
XIIntention and the Self - Wiley Online Library












[image: Alternatives in Framing and Decision Making - Wiley Online Library]
Alternatives in Framing and Decision Making - Wiley Online Library












[image: The sequence of changes in Doppler and ... - Wiley Online Library]
The sequence of changes in Doppler and ... - Wiley Online Library












[image: Openness and Inflation - Wiley Online Library]
Openness and Inflation - Wiley Online Library












[image: Micturition and the soul - Wiley Online Library]
Micturition and the soul - Wiley Online Library












[image: competition and disclosure - Wiley Online Library]
competition and disclosure - Wiley Online Library












[image: Openness and Inflation - Wiley Online Library]
Openness and Inflation - Wiley Online Library












[image: Climate change and - Wiley Online Library]
Climate change and - Wiley Online Library












[image: Worldwide trends in childhood overweight and ... - Wiley Online Library]
Worldwide trends in childhood overweight and ... - Wiley Online Library












[image: Phenotypic abnormalities: Terminology and ... - Wiley Online Library]
Phenotypic abnormalities: Terminology and ... - Wiley Online Library












[image: Wealth, Population, and Inequality - Wiley Online Library]
Wealth, Population, and Inequality - Wiley Online Library












[image: Inconstancy and Content - Wiley Online Library]
Inconstancy and Content - Wiley Online Library












[image: Scholarship and disciplinary practices - Wiley Online Library]
Scholarship and disciplinary practices - Wiley Online Library












[image: Anaphylaxis and cardiovascular disease - Wiley Online Library]
Anaphylaxis and cardiovascular disease - Wiley Online Library












[image: Enlightenment, Revolution and Democracy - Wiley Online Library]
Enlightenment, Revolution and Democracy - Wiley Online Library












[image: poly(styrene - Wiley Online Library]
poly(styrene - Wiley Online Library















Dust interannual variability and trend in Central ... - Wiley Online Library






Dec 14, 2015 - WRF-Chem-DuMo modeling system, observations of dust frequency derived from surface station synoptic ... 1. Introduction. Mineral dust aerosol is receiving an increasing attention from the Earth system perspective because of its important role in various interaction and feedback processes with the Earth's ... 






 Download PDF 



















 6MB Sizes
 0 Downloads
 163 Views








 Report























Recommend Documents







[image: alt]





Inequality, inflation, and central bank ... - Wiley Online Library 

greater inflation, owing to a desire by voters for wealth redistribution. We conclude by showing that democracies with more independent central banks tend to have better inflation outcomes for a given degree of inequality. JEL Classification E5, H0. 














[image: alt]





Exposure to cement dust, related occupational ... - Wiley Online Library 

site and the detailed daily direct or indirect cement dust exposure. For every kind of job, ..... One of the most meaningful dues of builder's dust is cement.














[image: alt]





Interchromatidal central ridge and transversal ... - Wiley Online Library 

Feb 27, 2008 - The topographic structure of Giemsa-banded (G-banded) early metaphase human chromosomes adsorbed on glass was analyzed by atomic force microscope using amplitude modulation mode (AM-AFM). Longitudinal height measurements for early meta














[image: alt]





ELTGOL - Wiley Online Library 

ABSTRACT. Background and objective: Exacerbations of COPD are often characterized by increased mucus production that is difficult to treat and worsens patients' outcome. This study evaluated the efficacy of a chest physio- therapy technique (expirati














[image: alt]





Thermodynamics versus Kinetics in ... - Wiley Online Library 

Dec 23, 2014 - not, we are interested in the kinetic barrier and the course of action, that is, what prevents the cell phone from dropping in the first place and what leads to its ..... by the random collision of the monomer species are too small to 














[image: alt]





Rockets and feathers: Understanding ... - Wiley Online Library 

been much progress in terms of theoretical explanations for this widespread ... explains how an asymmetric response of prices to costs can arise in highly ...














[image: alt]





XIIntention and the Self - Wiley Online Library 

May 9, 2011 - The former result is a potential basis for a Butlerian circularity objection to. Lockean theories of personal identity. The latter result undercuts a prom- inent Lockean reply to 'the thinking animal' objection which has recently suppla














[image: alt]





Alternatives in Framing and Decision Making - Wiley Online Library 

Alternatives in Framing and Decision Making. BART GEURTS. Abstract: There is a wealth of experimental data showing that the way a problem is framed may have an effect on people's choices and decisions. Based on a semantic analysis of evaluative expre














[image: alt]





The sequence of changes in Doppler and ... - Wiley Online Library 

measurements were normalized for statistical analysis by converting .... Data are presented as median and range or numbers and percentages as indicated.














[image: alt]





Openness and Inflation - Wiley Online Library 

Keywords: inflation bias, terms of trade, monopoly markups. DOES INFLATION RISE OR FALL as an economy becomes more open? One way to approach this ...














[image: alt]





Micturition and the soul - Wiley Online Library 

Page 1 ... turition to signal important messages as territorial demarcation and sexual attraction. For ... important messages such as the demarcation of territory.














[image: alt]





competition and disclosure - Wiley Online Library 

There are many laws that require sellers to disclose private information ... nutrition label. Similar legislation exists in the European Union1 and elsewhere. Prior to the introduction of these laws, labeling was voluntary. There are many other ... Ð














[image: alt]





Openness and Inflation - Wiley Online Library 

related to monopoly markups, a greater degree of openness may lead the policymaker to exploit the short-run Phillips curve more aggressively, even.














[image: alt]





Climate change and - Wiley Online Library 

Climate change has rarely been out of the public spotlight in the first decade of this century. The high-profile international meetings and controversies such as 'climategate' have highlighted the fact that it is as much a political issue as it is a 














[image: alt]





Worldwide trends in childhood overweight and ... - Wiley Online Library 

Effective programs and policies are needed at global, regional and national levels to limit the problem among children. Key words: Child, adolescent, obesity, overweight, prevalence, trends. Introduction. Obesity has become an epidemic in many parts 














[image: alt]





Phenotypic abnormalities: Terminology and ... - Wiley Online Library 

Oxford: Oxford University Press. 1 p]. The major approach to reach this has been ... Amsterdam, The Netherlands. E-mail: [email protected]. Received 15 ...














[image: alt]





Wealth, Population, and Inequality - Wiley Online Library 

Simon Szreter. This journal is devoted to addressing the central issues of population and development, the subject ... *Review of Thomas Piketty, Capital in the Twenty-First Century. Translated by Arthur Goldhammer. .... As Piketty is well aware, wit














[image: alt]





Inconstancy and Content - Wiley Online Library 

disagreement â€“ tell against their accounts of inconstancy and in favor of another .... and that the truth values of de re modal predications really can change as our.














[image: alt]





Scholarship and disciplinary practices - Wiley Online Library 

Introduction. Research on disciplinary practice has been growing and maturing in the social sciences in recent decades. At the same time, disciplinary and.














[image: alt]





Anaphylaxis and cardiovascular disease - Wiley Online Library 

38138, USA. E-mail: [email protected]. Cite this as: P. Lieberman, F. E. R.. Simons. Clinical & Experimental. Allergy, 2015 (45) 1288â€“1295. Summary.














[image: alt]





Enlightenment, Revolution and Democracy - Wiley Online Library 

Within a century such typological or static evaluation had given way to diachronic analysis in Greek thought. However, in the twentieth century this development was reversed. This reversal has affected the way we understand democracy, which tends to 














[image: alt]





poly(styrene - Wiley Online Library 

Dec 27, 2007 - (4VP) but immiscible with PS4VP-30 (where the number following the hyphen refers to the percentage 4VP in the polymer) and PSMA-20 (where the number following the hyphen refers to the percentage methacrylic acid in the polymer) over th


























×
Report Dust interannual variability and trend in Central ... - Wiley Online Library





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















