
 

 

 

 

 

 

 

 

EARLY ONLINE RELEASE 

This is a PDF of a manuscript that has been peer-reviewed 

and accepted for publication. As the article has not yet been 

formatted, copy edited or proofread, the final published 

version may be different from the early online release. 

 

This pre-publication manuscript may be downloaded, 

distributed and used under the provisions of the Creative 

Commons Attribution 4.0 International (CC BY 4.0) license. 

It may be cited using the DOI below. 

  

The DOI for this manuscript is  

DOI:10.2151/jmsj.2023-004 

J-STAGE Advance published date: October 27th, 2022 

The final manuscript after publication will replace the 

preliminary version at the above DOI once it is available. 



 1 

Effects of dry vegetation coverage estimated from the 2 

MODIS Soil Tillage Index on dust occurrence: 3 

Verification by surface synoptic observations 4 

 5 

Jing WU1 6 

Meteorological Research Institute, Tsukuba, Japan 7 

Graduate School of Agricultural and Life Sciences, The University of Tokyo, Tokyo, Japan 8 

 9 

Yasunori KUROSAKI 10 

Arid Land Research Center, Tottori University, Tottori, Japan 11 

 12 

Tsuyoshi Thomas SEKIYAMA 13 

Meteorological Research Institute, Tsukuba, Japan 14 

 15 

and 16 

 17 

Takashi MAKI 18 

Meteorological Research Institute, Tsukuba, Japan 19 

 20 

 21 

July 19, 2022 22 

 23 

 24 

------------------------------------ 25 

1) Corresponding author: Jing Wu, Meteorological Research Institute, 1-1, Nagemine 26 

Tsukuba, Ibaraki 305-0052 JAPAN 27 

Email: wu.jing@mri-jma.go.jp 28 

Tel: +81-29-853-8709 29 

Fax: +81-29-855-2552 30 



 1 

Abstract 31 

 32 

In drylands, the dry vegetation coverage affects dust occurrence by modulating 33 

threshold friction velocity (or wind speed) for dust emission. However, there has been little 34 

research into quantifying the effect of dry vegetation coverage on dust occurrence. This 35 

study investigated spatial and temporal variations of dust occurrence and three definitions 36 

of strong wind frequency over the Gobi Desert and surrounding regions in March and 37 

April, months when dust occurrence is frequent, during 2001–2021. We evaluated the 38 

effects of variations in dry vegetation on dust occurrence by using the threat scores of 39 

forecasted dust occurrences for each strong wind definition. Our results indicate that dry 40 

vegetation, which was derived from the MODIS Soil Tillage Index, affects dust occurrence 41 

more remarkably in April than in March. In March, land surface parameters such as soil 42 

freeze-thaw and snow cover, in addition to dry vegetation coverage, should be considered 43 

to explain dust variations in that month. However, use of the threshold wind speed 44 

estimated from dry vegetation coverage improved the prediction accuracy of dust 45 

occurrence in April. Therefore, we propose that the dry vegetation coverage is a key factor 46 

controlling dust occurrence variations in April. The findings imply that estimation of dry 47 

vegetation coverage should be applied to dust models. 48 

 49 

Keywords  dust occurrence; dry vegetation; threshold wind speed; drylands 50 

51 
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1. Introduction 52 

  Dust occurrence, resulting from wind erosion, has a number of environmental and 53 

socioeconomic consequences because of its effects on air pollution, the health of humans 54 

and livestock, and the climate (Hagiwara et al, 2020; Hagiwara et al., 2021; Kuribayashi et 55 

al., 2019; Middleton, 2017; Miller and Tegen, 1998; Onishi et al., 2012). Many global and 56 

regional models have been developed to simulate dust emission, transport, and deposition 57 

processes (e.g., Tanaka and Chiba, 2005; Uno et al., 2001; Woodage et al., 2010). However, 58 

the performances of different dust emission models also show large uncertainties. For 59 

example, Zhao et al. (2022) reported that the global total budget for dust emission among 60 

the 18 CMIP6 models has a 5.5-fold range, from 1374 Tg yr–1 to 7571 Tg yr–1, depending on 61 

the model. As discussed in model intercomparison studies (e.g., Todd et al., 2008; Uno et 62 

al., 2006; Wu et al., 2018), we can attribute the diverse results obtained by simulations of 63 

dust emission processes to large differences in land surface conditions, in other words, to 64 

the lack of confidence in land surface conditions. 65 

  Land surface conditions determine erodibility (i.e., susceptibility of soil and land surface 66 

to wind erosion), one of the two factors on which dust occurrence depends (UNEP, 1997). 67 

Erodibility is influenced by various parameters, including vegetation coverage, snow cover, 68 

and soil moisture. The other factor on which dust occurrence depends is erosivity (i.e., ability 69 

of wind to cause erosion represented by wind speed), and the relation between erosivity and 70 

dust occurrence has been widely studied (e.g., Kurosaki and Mikami, 2003). Although strong 71 
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winds have been reported to significantly affect dust occurrence in desert regions (Kim and 72 

Kai, 2007), many studies have also demonstrated that changes in erodibility, rather than 73 

erosivity, control variations in dust occurrence (e.g., Kurosaki et al., 2011; Liu et al., 2020). 74 

As one of the erodibility factors for dust occurrence, the presence of vegetation affects the 75 

threshold friction velocity, which is defined as the minimum friction velocity required for dust 76 

emission to occur. The growth of vegetation in arid and semi-arid regions is largely 77 

determined by the summer precipitation, however, the response of vegetation would become 78 

weaker due to land degradation (e.g., Sofue et al., 2018). Remote sensing vegetation 79 

indices such as the Normalized Difference Vegetation Index (NDVI) have been widely used 80 

for monitoring vegetation conditions and analyzing the effect of vegetation on dust 81 

occurrence (e.g., Bao et al., 2021; Wu et al., 2016). NDVI is a good indicator of vegetation 82 

greenness, however, dry vegetation (i.e., brown vegetation) has significant contributions to 83 

the vegetation dynamic (Okin, 2010) and to the dust occurrence (Kurosaki et al., 2011), 84 

especially in arid and semi-arid regions. A hypothesis that the presence of dry vegetation in 85 

spring, which is the residue of green vegetation from the preceding summer, increases the 86 

threshold wind speed and suppresses the probability of dust occurrence was proposed by 87 

Kurosaki et al. (2011). The hypothesis was validated by Nandintsetseg and Shinoda (2015) 88 

using a process-based ecosystem model. Including the dry vegetation effect in dust 89 

simulations can improve dust prediction accuracy, however, the quantitative relation 90 

between dry vegetation and the threshold wind speed is not yet well understood because 91 
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direct detection of dry vegetation cover has been difficult. 92 

  Dry vegetation includes both senescent plants (i.e., standing dead plants) and prostrate 93 

plants (i.e., litter), which are composed of cellulose, hemicellulose, and lignin. These dry 94 

vegetation components have special reflectance characteristics in the short wavelength 95 

infrared (SWIR) domain (e.g., Elvidge, 1990). Recently, several vegetation indices derived 96 

from SWIR data have been developed to estimate the dry vegetation coverage in arid and 97 

semi-arid regions. For example, Kergoat et al. (2015) used the MODIS Soil Tillage Index 98 

(STI) to retrieve the dry-season vegetation cover and mass in the Sahel. STI has also been 99 

successfully used for the retrieval of the dry vegetation coverage in the desert steppe of 100 

Inner Mongolia (Ren et al., 2018; Wang et al., 2019) and in the Gobi Desert of Mongolia (Wu 101 

et al., 2021). These studies provide data on continuous spatiotemporal changes of the dry 102 

vegetation coverage over wide regions. 103 

In the present study, we investigated interannual variations of dust occurrence and strong 104 

winds in the Gobi Desert and surrounding areas in March and April from 2001 to 2021. We 105 

defined threshold wind speed in three ways: as a spatiotemporally constant value (6.5 m s–106 

1, often employed in dust models); as a value statistically estimated from surface synoptic 107 

observations, which is interannually constant but spatially variable; and as a value estimated 108 

by using both synoptic data and the remote sensing index of dry vegetation, which is 109 

spatiotemporally variable. We then compared the relationships between dust occurrence 110 

and strong wind obtained by using these three different threshold wind speed values with 111 
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their prediction accuracy, as indicated by their threat scores.  112 

 113 

2. Data and Method 114 

2.1 Study region and meteorological data 115 

The region of interest (40°N–47°N, 100°E–120°E) includes the Gobi Desert and 116 

grasslands in Mongolia and Inner Mongolia, and adjacent areas, of which land cover types 117 

were defined by Kurosaki and Mikami (2005). For meteorological data, we used the 3-hourly 118 

present weather and the surface wind speed at a height of 10 m, which are included in 119 

surface synoptic observation (SYNOP) reports. Data were extracted from observations at 120 

21 meteorological sites in the study region (Table 1) for the months of March and April during 121 

2001–2021. Dust occurrence is defined by the present weather codes indicating blowing 122 

dust (ww = 07, 08) and dust storm (ww = 09, 30–35, 98) (e.g., Kurosaki and Mikami, 2003; 123 

Wu et al., 2016), and strong wind is defined as wind speeds exceeding the threshold value 124 

for dust occurrence (see section 2.2). We defined the dust occurrence frequency (DOF) as 125 

the ratio of the number of observations with dust occurrence to the total number of 126 

observations during a given period. Similarly, we defined the strong wind frequency (SWF) 127 

as the ratio of the total number of strong wind observations to the total number of 128 

observations. Both DOF and SWF are expressed as percentages. 129 

 130 

2.2 Threshold wind speed for dust occurrence 131 
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The threshold wind speed is the minimum wind speed required for the initiation of sand 132 

saltation and dust occurrence. We used three definitions of threshold wind speed in this 133 

study. In the first definition, a constant threshold wind speed value of 6.5 m s–1 (𝑢6.5) is 134 

assumed; this value has been widely used in many numerical models (e.g., Dai et al., 2018; 135 

Tegen and Fung, 1994; Uno et al., 2001).  136 

In the second definition, the threshold wind speed is statistically estimated from the 137 

frequency distribution of the surface wind speed, as proposed by Kurosaki and Mikami 138 

(2007) and Kurosaki et al. (2011) (Fig. 1). We determined the wind speed when the dust 139 

occurrence probability was 5% (𝑢𝑡5%) by interpolation as the 5th percentile of threshold wind 140 

speeds. We employed 𝑢𝑡5% as the threshold wind speed when land surface conditions were 141 

close to the most favorable for dust occurrence at a given observatory for the months of 142 

March and April during the study period. 143 

In the first definition, threshold wind speed was spatiotemporally constant. In the second 144 

definition, it was spatially different but interannually constant from 2001 to 2021, and it 145 

differed between March and April. Although in both these definitions, threshold wind speed 146 

is interannually constant, it is affected by various land surface conditions, such as soil 147 

moisture, surface crust, and vegetation. In the third definition, we accounted for land surface 148 

effects by first determining the threshold friction velocity 𝑢∗𝑡 using Eq. (1) (Shao 2008): 149 

 150 

𝑢∗𝑡 = 𝑢∗𝑡0 𝑓𝜆(𝜆𝜈 ,  𝜆𝑠)𝑓𝑤(θ)𝑓𝑐𝑟(𝑐𝑟)…                       (1) 151 
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 152 

where 𝑢∗𝑡0 is the threshold friction velocity in an idealized situation; 𝜆 is the frontal area 153 

index, which describes the characteristics of surface roughness elements; θ  is the 154 

volumetric soil moisture; and 𝑐𝑟  describes the surface crustiness. 𝑓𝜆 , 𝑓𝑤  and 𝑓𝑐𝑟  are 155 

correction functions for surface-roughness elements, soil moisture, and surface crust, and 156 

𝜆𝜈 and 𝜆𝑠 are the frontal area indices for vegetation and stone, respectively (Darmenova 157 

et al., 2009; Foroutan et al., 2017). Although Eq. (1) describes the threshold friction velocity, 158 

we cannot obtain friction velocity from synoptic observations. Therefore, we assumed that 159 

(1) roughness length 𝑧0 is temporally constant at each observatory and (2) dust emissions 160 

always occur under neutral atmospheric conditions. Because wind speed 𝑢𝑧 at observation 161 

height 𝑧 is proportional to friction velocity 𝑢∗, based on the equation 𝑢𝑧 = 𝑢∗ ln(𝑧/𝑧0)/𝜅, 162 

where 𝜅is von Karman’s constant (0.4), the threshold wind speed can be calculated using 163 

Eq. (2): 164 

 165 

𝑢𝑡 = 𝑢𝑡0 𝑓𝜆(𝜆𝜈 ,  𝜆𝑠)𝑓𝑤(θ)𝑓𝑐𝑟(𝑐𝑟)… 166 

                = 𝑢𝑡0 𝑓𝑎𝑙𝑙.                                        (2) 167 

 168 

Here, 𝑢𝑡0 is the threshold wind speed in the idealized situation, and 𝑓𝑎𝑙𝑙 is a correction 169 

function comprising all of the correction functions (𝑓𝜆, 𝑓𝑤 and 𝑓𝑐𝑟). Equation (2) can thus be 170 

rewritten as described in Eq. (3): 171 
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 172 

𝑢𝑡 = (𝑢𝑡0 𝑓𝑎𝑙𝑙5%) (𝑓𝑎𝑙𝑙/𝑓𝑎𝑙𝑙5%) 173 

                   = 𝑢𝑡5% (𝑓𝑎𝑙𝑙/𝑓𝑎𝑙𝑙5%).                              (3) 174 

 175 

where 𝑓𝑎𝑙𝑙5% and 𝑢𝑡5%  are the 5th percentiles of 𝑓𝑎𝑙𝑙  and 𝑢𝑡 , respectively. Here, if we 176 

assume that the effect of roughness elements on the threshold wind speed is much stronger 177 

than that of other factors, so we can neglect the correction functions other than 𝑓𝜆(𝜆𝜈 ,  𝜆𝑠). 178 

Then, the threshold wind speed is expressed as in Eq. (4): 179 

 180 

𝑢𝑡 = 𝑢𝑡5% 𝑓𝜆(𝜆𝜈 ,  𝜆𝑠)/𝑓𝜆(𝜆𝜈 ,  𝜆𝑠)5%,                       (4) 181 

 182 

where 𝑓𝜆(𝜆𝜈 ,  𝜆𝑠)5% is the 5th percentile of 𝑓𝜆(𝜆𝜈 ,  𝜆𝑠). We can expect temporal variation of 183 

one of the two roughness elements, stone cover, to be almost none; therefore, its effect can 184 

be assumed to be a constant value. Finally, by the third definition, threshold wind speed is 185 

estimated from 𝑢𝑡5% and the correction function for vegetation coverage using Eq. (5): 186 

 187 

𝑢𝑡 = 𝑢𝑡5% 𝑓𝜆(𝜆𝜈 )/𝑓𝜆(𝜆𝜈)5%.                            (5) 188 

 189 

2.3 MODIS-derived dry vegetation coverage and the roughness correction function 190 

The roughness correction function 𝑓𝜆  is calculated as the ratio of the threshold wind 191 
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friction velocity on a rough land surface to that in the absence of roughness elements (Eq. 192 

(6)), as proposed by Raupach et al. (1993): 193 

 194 

𝑓𝜆 = 𝑢∗𝑡 𝑢∗𝑡0⁄ = (1 − 𝑚𝛾𝛿𝛾𝜆)
1/2(1 + 𝑚𝛾𝛽𝛾𝜆)

1/2,               (6) 195 

 196 

where 𝑚𝛾 is a tuning parameter (<1) to account for the spatial nonuniformity of surface 197 

stress, 𝛿𝛾  is the ratio of the basal to frontal area of the roughness elements, and 𝛽𝛾 198 

controls the stress partition. For sparsely vegetated surfaces, the suggested values of 𝑚𝛾, 199 

𝛿𝛾, and 𝛽𝛾 are 0.16, 1.45, and 202, respectively (Shao, 2008; Wyatt and Nickiing, 1997). 200 

The frontal area index 𝜆 is calculated from the relation between 𝜆 and the vegetation cover 201 

fraction (Eq. (7)), as developed by Shao (2008): 202 

 203 

𝜆 = −𝑐𝜆ln(1 − VCd × 0.01),                          (7) 204 

 205 

where 𝑐𝜆 is an empirical coefficient with a value of ~0.35 (Shao et al., 1996) and VCd is the 206 

dry vegetation coverage, which is estimated from the MODIS STI as proposed by Wu et al. 207 

(2021). We used the MODIS Nadir Bidirectional Reflectance Distribution Function Adjusted 208 

Reflectance dataset (MCD43A4, Version 6) with a spatial resolution of 500 m and a daily 209 

temporal resolution. STI was calculated as the ratio of band 6 to band 7. We extracted 210 

average values for areas of about 10 km  10 km near each SYNOP observatory, where 211 
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each observatory was located at the southeast corner of the selected area, to correspond 212 

to the meteorological data. We used a maximum value composite procedure to obtain the 213 

monthly STI, and converted it to VCd using Eq. (8): 214 

 215 

VCd = 54.7(STI − 0.88).                           (8) 216 

 217 

Therefore, by the third definition, threshold wind speed (hereinafter, 𝑢𝑡(STI)) was calculated 218 

using Eq. (9): 219 

 220 

𝑢𝑡(STI) = 𝑢𝑡5% 𝑓𝜆(𝜆𝜈 )/𝑓𝜆 221 

                          = 𝑢𝑡5% 𝑓𝜆(STI)/𝑓𝜆(STI)5%,                    (9) 222 

 223 

where 𝑓𝜆(STI)5% is the 5th percentile of 𝑓𝜆(STI), which is obtained from the 5th percentile 224 

of STI, for the months of March or April from 2001 to 2021. 225 

 226 

2.4 Prediction accuracy 227 

Dust occurrence is predicted when wind speed exceeds the threshold wind speed. To 228 

evaluate the dust prediction accuracy, we used the threat score (TS). The TS, which ranges 229 

between 0 and 1, is the ratio of the number of correctly predicted events to the total number 230 

of events minus the number of correct rejections, as expressed in Eq. (10) (Mikami et al., 231 
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2009):   232 

 233 

TS ≡ 𝐹𝑂 (𝐹𝑂 + 𝐹𝑋 + 𝑋𝑂)⁄ ,                          (10) 234 

 235 

where FO is the number of predicted dust occurrence events, when wind speeds exceeded 236 

the threshold wind speed, that were verified by observations; FX is the number of predicted 237 

dust occurrence events that were not observed; and XO is the number of dust occurrence 238 

events that were observed but not predicted. We defined TS in three ways (TS𝑢6.5, TS𝑢𝑡5% , 239 

and TS𝑢𝑡(STI)), which were calculated from the number of predicted dust occurrence events 240 

obtained by using the three definitions of threshold wind speed. 241 

 242 

3. Results and Discussion 243 

3.1  Spatiotemporal variation in dust occurrence and wind conditions 244 

In all regions except grasslands in Inner Mongolia, the DOF was greater in April than in 245 

March (Figure 2a–b). High DOF values during 2001–2021 were found in the Gobi Desert in 246 

southern Mongolia. The highest DOF value was observed at Tsogt-Ovoo (synoptic 247 

observatory 44347, Mongolia), which has previously been observed to be a dust source 248 

hotspot (Kurosaki and Mikami, 2007). Relatively high DOFs were also found in grasslands 249 

in Inner Mongolia and Mongolia in April. These regions where frequent dust occurrence was 250 

observed match those reported in earlier studies (e.g., Wu et al., 2016).  251 
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The average DOF over the study region was also higher in April (3.39±1.95%) than in 252 

March (2.61±1.51%) (Fig. 2c–d), consistent with previous studies (e.g., Kurosaki & Mikami, 253 

2005; Lee & Kim, 2012), which demonstrated that DOF peaks yearly in April over the Asian 254 

dust source regions. The DOFs generally declined from 2001 to 2021 with fluctuations, 255 

especially in April. However, in March 2021, the most severe dust events in 10 years were 256 

reported (Gui et al., 2021; Yin et al., 2022). In our results, DOF in March increased in 2021, 257 

when it was, though not obviously, the third highest value in March in the two decades of the 258 

study period (Fig. 2c). However, the DOF reflects only the frequency and not the intensity of 259 

dust events. 260 

Temporal changes in the average SWFs calculated using the three definitions for 261 

threshold wind speed (SWF𝑢6.5 , SWF𝑢𝑡5%  , SWF𝑢𝑡(STI) ) showed that strong winds occurred 262 

more frequently in April than in March, resulting in higher DOFs in April. Additionally, in either 263 

March or April, SWF𝑢6.5  ranged from 10% to about 40%, but SWF𝑢𝑡5%   and SWF𝑢𝑡(STI) 264 

values were always lower than 20% (Fig. 2c–d). SWF𝑢6.5 was obviously larger than both 265 

SWF𝑢𝑡5%   and SWF𝑢𝑡(STI) ; therefore, both 𝑢𝑡5%  and 𝑢𝑡(STI)  were higher than 6.5 m s–1. 266 

Consistent with this result, Kurosaki and Mikami (2007) reported that estimated 𝑢𝑡5% from 267 

March 1988 to June 2005 was 8.9 m s–1 in the Gobi Desert and 9.8 m s–1 in northeast 268 

Mongolia. According to Liu et al. (2013), threshold wind speeds estimated by selecting the 269 

minimum wind speeds when dust events occurred during 1954–2007 in the Inner Mongolian 270 

grassland range from 7 to 12.8 m s–1. The comparison with previous studies indicated that 271 
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the estimated 𝑢𝑡5%  and 𝑢𝑡(STI)  were more accurate than 𝑢6.5  for preventing dust 272 

occurrence  273 

 274 

3.2 Effect of dry vegetation coverage on dust occurrence variation 275 

Correlations of DOF with SWF𝑢6.5  (COR𝑢6.5 ), SWF𝑢𝑡5%   (COR𝑢𝑡5% ), and SWF𝑢𝑡(STI) 276 

(COR𝑢𝑡(STI) ) in April were generally stronger than those in March (Fig. 3). Although the 277 

COR𝑢6.5 in both March (R2 = 0.66) and April (R2 = 0.82) was significant at the 1% level (p < 278 

0.01), the intercept deviated from the theoretical value of zero. Therefore, we compared only 279 

COR𝑢𝑡5%  and COR𝑢𝑡(STI). In March, COR𝑢𝑡(STI)  was weaker (R2 = 0.54) than COR𝑢𝑡5%  (R2 = 280 

0.75). This result suggests that the influence of dry vegetation on DOF was not strong in 281 

March. This is probably because other factors such as snow cover and soil freeze-thaw 282 

process also play important roles in affecting the threshold wind speed for dust occurrence 283 

in March (e.g., Kurosaki and Mikami, 2004; Kong et al., 2021). In April, however, COR𝑢𝑡(STI)  284 

(R2 = 0.88) was stronger than COR𝑢𝑡5%   (R2 = 0.78). Moreover, in April, the intercept of 285 

COR𝑢𝑡(STI)  approached the theoretical value of zero compared with that of COR𝑢𝑡5% . The 286 

reason for the more theoretical correlation between DOF and SWF𝑢
𝑡（STI)

 was that effects of 287 

the interannual variation of dry vegetation on threshold wind speed were taken into account. 288 

The SWF𝑢
𝑡（STI)

 was more reliable to explain the variation of DOF. This result suggests that 289 

the dry vegetation effectively influences DOF in April. 290 

We explored the threat scores at station scale to evaluate the effects of dry vegetation on 291 
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the interannual variations of DOF. At most stations in March, TS𝑢6.5 values were lower than 292 

0.2 and TS𝑢𝑡5%  and TS𝑢𝑡(STI) values were generally higher than 0.2 (Fig. 4a–c). Use of the 293 

spatiotemporally constant 𝑢6.5 resulted in dust occurrence predictions with low accuracy. 294 

Threat scores increased from TS𝑢6.5 to TS𝑢𝑡5%  throughout the study region except at two 295 

stations (Tsogt-Ovoo in Mongolia and Ejin-Qi in Inner Mongolia) (Fig. 4d). However, 296 

increases from TS𝑢𝑡5%  to TS𝑢𝑡(STI) were smaller at 11 observatories, and decreases were 297 

found at 10 stations (Fig. 4e). This result indicates that in addition to the dry vegetation 298 

coverage, other factors such as snow cover and soil temperature should be considered to 299 

explain the variations in dust occurrence. During March, the soil temperature fluctuates 300 

above and below 0°C, resulting in frequent cycles of freezing and thawing of soil. The 301 

repeated freeze-thaw cycles are disruptive to soil aggregates (e.g., Bullock et al., 1988; 302 

Oztas and Fayetorbay, 2003) and thus change the soil structure (e.g., Chamberlain and Gow, 303 

1979). It has been reported that  the threshold wind speed became lower during the freeze–304 

thaw periods, thereby enhancing wind erosion and increasing the likelihood of dust 305 

occurrence in the Gobi Desert (Abulaiti et al., 2014; Kong et al., 2021). In addition, Kurosaki 306 

and Mikami (2004) suggested that snow cover affects the threshold wind speed for dust in 307 

East Asia in spring, and its effect is more remarkable in March than in April. Quantifying 308 

effects of other land surface parameters on dust occurrence is the subject in need of further 309 

study. 310 

In April, TS𝑢6.5 values were generally low, as they were in March, and both TS𝑢𝑡5%  and 311 
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TS𝑢𝑡(STI) were higher (Fig. 5a–c). TS𝑢𝑡5%  and TS𝑢𝑡(STI) values exceeded 0.2 at about 50% 312 

and at more than 70% of observatories, respectively. Increases from TS𝑢6.5 to TS𝑢𝑡(STI) (Fig. 313 

5d) and from TS𝑢𝑡5%   to TS𝑢𝑡(STI)  (Fig. 5e) occurred at almost all stations. These results 314 

suggest that the variation of dry vegetation coverage is the crucial factor in dust occurrence 315 

in April through its strong influence on the threshold wind speed. Moreover, increases at 316 

stations in the Inner Mongolian grasslands were larger. Since the grasslands are sensitive 317 

to climate change and human activities, desertification has been in progress over several 318 

years and the degraded grasslands are potentially dust sources (Middleton, 2018; Shinoda 319 

et al., 2011). The Chinese government has implemented restoration projects aimed at 320 

combating desertification since 2000 (e.g., Li et al., 2017). The environmental policies and 321 

projects brought a higher increase of vegetation production in the Inner Mongolian 322 

grasslands than the Mongolian grasslands (Zhang et al., 2020). Therefore, dry vegetation 323 

coverage showed a more positive effect on dust variations in the Inner Mongolian grasslands. 324 

As hypothesized by Kurosaki et al. (2011), the amount of spring dry vegetation remaining 325 

from the previous summer is mainly determined by precipitation during the previous year. 326 

The amount of spring vegetation is also affected by other factors such as grazing (Kang et 327 

al., 2014; Wu et al., 2020). Therefore, the dry vegetation coverage shows both spatial and 328 

temporal variability. Because 𝑢𝑡(STI)  takes account of the variations in dry vegetation 329 

coverage, the use of 𝑢𝑡(STI)  instead of a constant threshold value greatly improves the 330 

accuracy of dust occurrence prediction in April. 331 
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 332 

4. Summary and Conclusion 333 

We examined dust occurrence frequency (DOF) and strong wind frequency (SWF) during 334 

2001–2021 in the Gobi Desert and surrounding regions. We proposed a new method to 335 

obtain the threshold wind speed 𝑢𝑡(STI) from 𝑢𝑡5% and the MODIS STI-based estimate of 336 

dry vegetation coverage. We evaluated the effects of dry vegetation on the threshold wind 337 

speed and dust occurrence by threat scores. In March, threat scores based on the estimated 338 

𝑢𝑡(STI) were not high over a wide area; thus, other land surface parameters such as snow 339 

cover and soil freeze-thaw should be considered to explain the variations in dust occurrence 340 

in that month. However, threat scores based on the estimated 𝑢𝑡(STI) were high at most 341 

stations in April, especially in the Inner Mongolian grasslands, where the average DOFs 342 

were about 2%; therefore, the presence of dry vegetation was a key factor determining 343 

variations in dust occurrence. Our findings imply that estimation of dry vegetation coverage 344 

should be applied to dust models to improve the dust prediction accuracy. 345 

 346 

Data Availability Statement 347 

The SYNOP dataset provided by the National Oceanic and Atmospheric Administration are 348 

available at https://www.ncei.noaa.gov/data/global-hourly/. The MODIS data can be 349 

downloaded in Sentinel Hub EO Browser (https://apps.sentinel-hub.com/eo-browser/). 350 

 351 
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List of Figures 532 

 533 

Fig. 1  Frequency distribution of observed wind speeds at a synoptic weather observatory 534 

(53068 Erenhot, 43.65°N, 112°E) in April during 2001–2021. Filled and open bars 535 

indicate frequencies with and without dust occurrence, respectively. The solid dots on 536 

the line indicate the dust occurrence frequency at each wind speed. 537 

 538 

Fig. 2  Spatial distribution of the average dust occurrence frequency at SYNOP 539 

observatories in Mongolia (squares) and Inner Mongolia (circles) in (a) March and (b) 540 

April during 2001–2021. The line shows the border between Mongolia (to the north) and 541 

Inner Mongolia, and the red boxes in (a) indicate the Gobi Desert and grasslands areas. 542 

Temporal variations of the average dust occurrence frequency (DOF, gray bars; trend, 543 

dotted line) and strong wind frequencies (SWF𝑢6.5, triangles; SWF𝑢𝑡5% , squares; and 544 

SWF𝑢𝑡(STI), circles) over the study region in (c) March and (d) April during 2001–2021.  545 

 546 

Fig. 3  Scatter diagrams of DOF and SWF𝑢6.5 (brown), SWF𝑢𝑡5%  (blue), and SWF𝑢𝑡(STI) 547 

(black) in (a) March and (b) April during 2001–2021. 548 

 549 

Fig. 4  Spatial distributions of threat scores for dust occurrence at the SYNOP 550 

observatories in our study area in March: (a) TS𝑢6.5, (b) TS𝑢𝑡5% , and (c) TS𝑢𝑡(STI). The 551 
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three circle sizes indicate threat scores of 0–0.2 (blue), 0.2–0.4 (yellow), and >0.4 (red). 552 

Increases and decreases between (d) TS𝑢6.5 and TS𝑢𝑡5%, and (e) TS𝑢𝑡5%  and TS𝑢𝑡(STI) 553 

are shown by triangles and inverted triangles, respectively, and the color indicates the 554 

magnitude of the change. 555 

 556 

Fig. 5  Same as Figure 4 but for April. 557 
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Fig. 1  Frequency distribution of observed wind speeds at a synoptic weather observatory 560 

(53068 Erenhot, 43.65°N, 112°E) in April during 2001–2021. Filled and open bars indicate 561 

frequencies with and without dust occurrence, respectively. The solid dots on the line 562 

indicate the dust occurrence frequency at each wind speed. 563 
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 565 

Fig. 2  Spatial distribution of the average dust occurrence frequency at SYNOP 566 

observatories in Mongolia (squares) and Inner Mongolia (circles) in (a) March and (b) April 567 

during 2001–2021. The line shows the border between Mongolia (to the north) and Inner 568 

Mongolia, and the red boxes in (a) indicate the Gobi Desert and grasslands areas. Temporal 569 

variations of the average dust occurrence frequency (DOF. gray bars; trend, dotted line) and 570 

strong wind frequencies (SWF𝑢6.5, triangles; SWF𝑢𝑡5% , squares; and SWF𝑢𝑡(STI), circles) over 571 

the study region in (c) March and (d) April during 2001–2021.  572 
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 573 

Fig. 3  Scatter diagrams of DOF and SWF𝑢6.5 (brown), SWF𝑢𝑡5%  (blue), and SWF𝑢𝑡(STI) 574 

(black) in (a) March and (b) April during 2001–2021. 575 



 31 

 576 

Fig. 4  Spatial distributions of threat scores for dust occurrence at the SYNOP 577 

observatories in our study area in March: (a) TS𝑢6.5, (b) TS𝑢𝑡5% , and (c) TS𝑢𝑡(STI). The three 578 

circle sizes indicate threat scores of 0–0.2 (blue), 0.2–0.4 (yellow), and >0.4 (red). 579 

Increases and decreases between (d) TS𝑢6.5  and TS𝑢𝑡5% , and (e) TS𝑢𝑡5%   and TS𝑢𝑡(STI) 580 

are shown by triangles and inverted triangles, respectively, and the color indicates the 581 

magnitude of the change. 582 
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Fig. 5  Same as Figure 4 but for April. 584 
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Table 1  Names and locations of the SYNOP meteorological stations used in this study. 590 

Mongolia Inner Mongolia, China 

Name Longitude Latitude Name Longitude Latitude 

Hujirt 102.77 46.90 Ejin Qi 101.07 41.95 

Baruun-urt 113.28 46.68 Bayan Mod 104.50 40.75 

Saikhan-Ovoo 103.90 45.45 Erenhot 112.00 43.65 

Mandalgovi 106.28 45.77 Naran Bulag 114.15 44.62 

Tsogt-Ovoo 105.32 44.42 Mandal 110.13 42.53 

Sainshand 110.12 44.90 Abag Qi 115.00 44.02 

Zamyn-Uud 111.90 43.73 Jurh 112.90 42.40 

Dalanzadgad 104.42 43.58 Haliut 108.52 45.57 

   Bailing-Miao 110.43 41.70 

   Huade 114.00 41.90 

   Xi Ujimqin Qi 117.60 44.58 

   Xilin Hot 116.12 43.95 

   Duolun 116.47 42.18 
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