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Abstract 
The various infrared (IR) techniques of diagnosing the dust presence and intensity 

(so-called dust indices) were reviewed using the dust case occurred from 30 April to 1 

May 2011. It was found the IR-based dust indices are a useful tool for monitoring 

evolutionary features of dust storm. However, apart from a limitation of discontinuity 

between land and ocean and between daytime and nighttime, there appears a serious 

limitation that the dust indices are not physical quantities but qualitative indices in a lack 

of scalability. This study is an attempt to reduce such limitations by taking advantages of 

both IR- and visible (VIS)-based monitoring methods. 

An algorithm was developed to relate IR brightness temperatures (BTs) to VIS-

based aerosol optical thickness (AOT). In doing so an artificial neural network (ANN) 

model approach was used to combine MODIS-measured infrared BTs with visible AOTs. 

For training the ANN model, IR BTs, surface type and geometrical information were 

used as inputs to predict MODIS-derived AOTs during the daytime when VIS-based 

AOTs are available. The training was done exclusively over dust-laid pixels during the 

spring (March - May) of 2006 over the East Asian domain (20°N-55°N, 90°E-145°E). 

It should be noted that the obtained daytime AOTs from the ANN model are in 

good agreement with MODIS-derived AOTs, with a correlation coefficient of 0.77 over 

the analysis domain. A maximum correlation coefficient of 0.85 is found over “water 

bodies” type surface whereas a minimum correlation coefficient of 0.75 over the “barren” 

type surface. However, a weak correlation is found during the nighttime when derived 



 

ii 

 

AOTs are compared against AOTs from CALIPSO; the weak correlation has been 

known between MODIS-driven AOT and CALIPSO-driven AOT. Selected case study 

indicates that the developed ANN method appears to well capture evolutionary features 

of dust area at nighttime, suggesting that the model can be readily used for monitoring 

the dust movement. It is further suggested that more frequent AOT estimates due to the 

IR-based AOTs during the nighttime can provide benefits to the aerosol data 

assimilation, despite degraded quality in comparison to visible measurements. 

A data assimilation (DA) system employing day and nighttime AOTs for the Asian 

Dust Aerosol Model (ADAM), the dust forecasting model operated by Korea 

Meteorological Administration (KMA), has been developed with an optimal 

interpolation (OI) method. Two Asian dust cases occurred in 5 – 9 April 2006 (CASE1) 

and 14 – 18 March 2009 (CASE2) were simulated using ADAM. To examine the impact 

of inclusion of IR-based AOTS in the data assimilation system on the forecasting, two 

experiments were performed with different assimilation cycles (i.e., DA1: 24 hour cycle 

with daytime only MODIS AOT, DA2: 12 hour cycle with additional IR-based AOT 

during the night). Besides a control (CTL) simulation with no data assimilation was 

performed. Simulations were validated by comparing with MODIS-derived AOT 

distributions as well as with ground-based Korean skyradiometer network (KSNET) 

observations of AOTs. It is found that both experiments (DA1, DA2) led to improved 

forecasting, but DA2 outperformed DA1. Results suggest that the ANN-based AOT 

contributes positively to the forecasting capability through more temporal coverage in 

the data assimilation.  
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1. Introduction 

Asian dusts, originating in Chinese and Mongolian desert and arid areas, 

significantly perturb the atmospheric radiation budget and create serious health 

and social problems over adjacent East Asian countries. As well, their influence 

is not confined within the East Asian region, but is in reality a global problem, as 

demonstrated in satellite remote-sensing measurements showing Asian dusts 

transported even across the Pacific Ocean to North America (Husar et al., 2001; 

Eguchi et al., 2009; Yumimoto et al., 2010). Moreover, in recent decades, the 

frequency of dust occurrence in Korea and Japan has increased, likely associated 

with an expansion of arid area in particular over east Mongolia (Lee and Sohn, 

2011), although the general trend of dust storm occurrences over Chinese dust 

source regions has been a continuous decrease (Wang et al., 2008). Thus, 

accurate monitoring and forecasting of the distribution and transport of Asian 

dusts are highly necessary in overly populated East Asian countries for 

minimizing their negative impact as much as possible and for understanding the 

global climate system. 

Knowledge about dust emission and transport modeling plays an 

important role in understanding the recent increase of the Asian dust frequencies 

and intensities. From the late 1990s, a considerable number of studies have been 

conducted on dust modeling and then applied to the Asian region (e.g., Wang et 
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al., 2000; Park and In, 2003; Gong et al., 2003; Liu et al., 2003; Shao and Wang, 

2003; Uno et al., 2003). These models have reproduced many important 

observational facts and retrieved valuable information to elucidate characteristics 

of the Asian dust phenomena. However, from the results of the recent Dust 

Model Inter-comparison Project (DMIP), calculated amounts of dust emissions 

have differed sometimes by a factor of three (Uno et al., 2006). Moreover, dust 

transport patterns from the emission source region are usually very similar to 

each other, but the simulated surface level concentrations sometimes show 

discrepancies of more than two orders of magnitude. Such wide scattering of the 

estimated dust emission and concentration results reflects those models’ 

differences in dust emission schemes, surface boundary data (e.g., soil texture, 

soil wetness, and land-use data including recent desertification information), and 

atmospheric models (meteorological and transport models) (Yumimoto et al., 

2007). Results of the current DMIP project provide several important directions 

for the future study of the Asian dust modeling and observations. One important 

point of the inter-comparison results is that dust emissions from Mongolia and 

Inner Mongolia have been only sparsely measured and are highly model-

dependent and require more observations and consensus within the dust 

modeling community. For those reasons, satellite remote sensed data will make 

up for the weak points and play an important role in improving the model’s 
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forecasting capabilities in the East Asia region. 

 Satellite observations covering extensive geographical areas have been 

used to monitor the transporting features of Asian dust (e.g. Kaufman et al., 

2002). One of the more successful achievements using satellite data is in the area 

of data assimilation. Efforts have been made to use satellite-derived Aerosol 

Optical Thickness (AOT) as inputs to dust forecasting models (Zhang et al., 2008; 

Adhikary et al., 2008), indicating that the data assimilation technique offers a 

potentially viable way to reduce the uncertainty of dust forecasting. However, it 

has been noted that at least 12 hours of satellite overpass time are required for 

significantly enhancing forecasting accuracy (Zhang et al., 2008). In other words, 

higher temporal resolutions are essential for better data assimilation.  

 Yet, aerosol retrievals based on visible measurements such as successful 

MODIS estimates (Remer et al., 2005) provide only limited temporal coverage, 

demanding more temporal as well as spatial coverage. For frequent temporal 

coverage, nighttime observation is much needed. However, with no VIS light 

available at night, the retrieval should rely on passive IR measurements or active 

light sources. 

There have been some successes in sensing dust from remotely sensed IR 

measurements (Ackerman, 1997; Sokolik, 2002; Li et al., 2007). For instance, 

the Brightness Temperature Difference (BTD) method in thermal split window 



 

4 

 

channels has successfully demonstrated that dust aerosols have distinct signals 

relative to other aerosols and/or hydrometeors (Ackerman, 1997; Legrand et al., 

2001; Darmenov and Sokolik, 2005; Brindley and Russell, 2006; Merchant et al., 

2006). However, those are not physical parameters such as AOT, but relative dust 

indices or threshold values for providing a qualitative measure of dust aerosol 

intensity. Improving the dust prediction, it is therefore necessary to produce 

quantitative measurements of physical quantities such as nighttime AOTs. Recent 

studies also demonstrated that high-spectral resolution infrared sounders (e.g., 

Atmospheric Infrared Sounder (AIRS) and Infrared Atmospheric Sounding 

Interferometer (IASI)) are able to retrieve dust altitude and infrared optical depth 

(Pierangelo et al., 2004; Peyridieu et al., 2010; Yao et al., 2011). In other words, 

IR-based AOTs can be converted into corresponding VIS-based AOTs if the 

spectral dependence of dust-influenced extinction efficiencies is known. Indeed, 

spectrally varying extinction efficiencies are readily calculable from the Mie 

calculation for the given refractive index and assumed size distribution, allowing 

the conversion of VIS-based AOTs to IR-corresponding values or vice versa. 

In this study, instead of explicitly solving for a possible relationship 

between VIS-based AOT and IR-based AOT, we implicitly relate IR brightness 

temperatures (BTs) to MODIS AOTs through an Artificial Neural Network 

(ANN) approach. Then, the developed method for converting IR BTs to AOTs is 
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applied to the MODIS IR BTs measured at night to estimate nighttime AOTs 

carrying qualities comparable to those of MODIS VIS AOT retrievals. By 

enhancing the temporal coverage of the dust as well as quality of dust intensity 

during the nighttime, the developed method will provide a tool for better 

monitoring evolutionary features of the dust aerosols. 

To validate the performance of this neural network, daytime ANN AOTs 

independent from the training process are compared with collocated MODIS 

AOTs. In addition, the nighttime AOT retrievals are compared with aerosol 

products of the Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) 

sensor aboard the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite 

Observations (CALIPSO) satellites. 

Finally, to demonstrate the effectiveness of the nighttime AOT on data 

assimilation, two dust events occurred during 5 – 9 April 2006 and 14 – 18 

March 2009 are simulated using Asian Dust Aerosol Model (ADAM). The 

ADAM has been used for the operational forecasting model for the Asian dust 

prediction by Korean Meteorological Administration (KMA). In this study we 

look for a possibility to improve the ADAM model performance by assimilating 

day and nighttime AOT into the ADAM model. Assimilation results are 

discussed by comparing the forecasting results with nighttime AOTs against 

results without nighttime AOTs. 
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2. Dust detection methods using satellite IR band 

measurements 

 

2.1. Previous dust detection methods 

Due to the lack of scalability, the ground-based dust monitoring 

technique is known to have limitations to detect dust over source regions which 

are widely distributed. Alternatively, satellite-based monitoring might be a 

feasible tool for dust discrimination from other aerosols over wide areas 

including source regions within a relatively short time scale. The IR band 

measurement technique was developed to detect volcanic ash and dust aerosols 

with the advantage of continuous monitoring during both day and night. The 

historical footprints of an IR-based remote sensing algorithm for detecting dust 

aerosols are summarized in Table 1. Since the first attempt to use IR bands for 

the detection of volcanic aerosols by Shenk and Curran (1974), many approaches 

using IR bands such as use of hyperspectral IR measurements (Pierangelo et al., 

2004) have been developed and continuously implemented – see Table 1. 

Previous studies have demonstrated that dust aerosols cause a unique radiation 

signature at the top of the atmosphere observed by satellite sensors (e.g., 

Ackerman, 1997; Legrand et al., 2001; Sokolik, 2002). Upwelling thermal 
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infrared radiation between 11 μm and 12 μm from the surface is selectively 

scattered and absorbed by airborne particles. They found that dust clouds can be 

discriminated by using the dual thermal infrared bands aboard satellites, as ice or 

liquid water particles preferentially absorb longer wavelengths while silicates 

preferentially absorb shorter wavelengths (Figure 1). 

Recently, not only thermal-IR window channel (11 μm, 12 μm) but also 

near-IR channel (3.7 μm) and another window channel (8.6 μm) can be applied 

to detect dust aerosols (Ackerman, 1997; Wald et al., 1998; Darmenov and 

Sokolik, 2005; Brindley and Russell, 2006; Merchant et al., 2006; Hansell et al., 

2007). These techniques are based on the optical characteristics of quartz, which 

is a main component of dust particles. Sokolik (2002) found that dust has a 

“negative slope” over the 820 – 920 cm-1 (10.87 – 12.2 μm) band, which 

separates the IR radiation effect of dust from that of clouds and atmospheric 

gases (Figure 2). The magnitude of the negative slope is not too sensitive to dust 

composition and thus can be used to retrieve the dust optical depth in this 

spectral region. In contrast, the region about 1099 – 1220 cm-1 (8.2 – 9.1 μm) is 

quite sensitive to dust composition and can provide important limits on dust 

mixtures. 

Emissivity spectra of quartz particles for two size ranges, 0 – 75 μm and 75 - 250 

μm diameter are shown in Figure 3. These two size ranges are representatives of 
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airborne dust (0 – 75 μm) and desert surface dust (75 – 250 μm), respectively. It 

is found that the emissivity spectra of quartz particles with different sizes can be 

significantly distinguished even though they have the same components. 

Moreover, the difference between surface and airborne dust particles show a 

larger signal in the 8.6-μm band rather than in the split window bands (11 μm, 12 

μm). This is related with “reststrahlen bands” which showed emissivity minima 

(reflectance maxima) at the 8.6-μm band in the spectrum of the 75 – 250 μm 

sample (Wald et al., 1998). 
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Table 1. Literature survey of dust detection methods using satellite IR band measurements. 
 

Authors Dust 
index 

Channel used Sensor or 
Satellite Remarks 

3.7㎛ 8.6㎛ 11㎛ 12㎛ 

Shenk and Curran (1974)    O 
(10.5㎛~12.5㎛) THIR - First attempt to use IR band for the 

detection of volcanic aerosol 

Wen and Rose (1994)    O O AVHRR - Quantification of volcanic aerosol loadings 

Legrand et al. (1994, 2001) IDDI1   O 
(10.5㎛~12.5㎛) Meteosat - First attempt to use IR band for dust aerosol 

- Geostationary satellite 

Ackerman (1997)   O O O HIRS/2, 
AVHRR - Tri-spectral method 

Sokolik (2002)   O O O HIRS/2, AVHRR, GOES-8, 
MODIS, NAST-1 - Unique dust signal on IR band was found. 

Gu et al. (2003)    O O MODIS - Quantification of dust aerosol loadings 

Pierangelo et al. (2004)  O O O O AIRS - First attempt to use high-spectral sensor for 
the detection of dust aerosol 

Darmenov and Sokolik 
(2005)   O O O MODIS - Thermal-IR signatures of dust for the main 

dust sources were found. 
Zhang et al. (2006)   O O O MODIS  

Brindley and Russell (2006)   O O O SEVIRI - Geostationary satellite 
Merchant et al. (2006) SDI2  O O O SEVIRI - Geostationary satellite 

Hao and Qu (2007) TDI3 O O O O MODIS - Multi-regression method 
Hansell et al. (2007) D*  O O O MODIS  

Kim et al. (2008) IODI4   O  MTSAT-1R - Geostationary satellite 

                                           
1 Infrared difference dust index 
2 Saharan dust index 
3 Thermal-infrared dust index 
4 Infrared optical depth index 



 

 

Figure 1. Schematic diagram showing how two band thermal IR transmission 

through meteorological and dust clouds differs (Gu et al., 2003).
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Figure 2. Brightness Temperatures observed by a high-resolution sensor for clear 

sky (blue line) and for light and moderate dust loadings. Red, brown, 

and green curves are for Mixtures 1, 2 and 3, respectively. Each of the 

mixtures is composed as follows: Mixture 1: 50% quartz and 50% 

clays; Mixture 2: 20% quartz and 80% clays; and Mixture 3: 80% 

quartz and 20% clays (Sokolik, 2002).  
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Figure 3. The particle size dependence of the thermal infrared emissivity 

spectrum of pure quartz for 75 - 250 μm (solid line) and 0 - 75 μm 

(dashed line) particle size ranges. The larger particle size is similar to 

fine beach sand. The MODIS 8.6, 11, and 12 μm bands are shown in 

vertical bars (Wald et al., 1998). 
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2.2. Indices for Asian dust detection 

 

Here, dust indices (so-called Brightness Temperature Difference (BTD), 

Infrared Difference Dust Index (IDDI), Infrared Optical Depth Index (IODI), 

Aerosol Index (AI)) frequently used at the KMA for the operational dust 

monitoring from IR band measurements are discussed. Additionally, the D*-

parameter based on tri-spectral bands (8.6 μm, 11 μm, 12 μm) from MODIS data 

is also discussed. Then we will compare those dust indices for several Asian dust 

events occurred in year 2011. 

 

2.2.1. Brightness Temperature Difference (BTD) 

The common way to detect dust is the “Brightness Temperature 

Difference (BTD)” method. In general, because dust aerosols (mostly silicates) 

preferentially absorb shorter wavelength (11 μm) than longer wavelength (12 

μm), it induces a negative brightness temperature difference through a “split 

window method” between 11 μm and 12 μm (Gu et al., 2003). This “split 

window method” can be defined as: 

 

BTD = TB11 – TB12                      (1) 
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with TB11 and TB12 being the brightness temperature at 11 μm and 12 μm, 

respectively. Since the BTD method gives only simple interpretation, this method 

is difficult to apply such over various environments, especially between over 

land and ocean and between day and night. Over land and ocean, the brightness 

temperature tendency is different because of the different surface emissivity and 

humidity in the air. 

This BTD method from MTSAT-1R is operationally used in the KMA 

and referred to as the “Dual Channel Difference (DCD)” method. The threshold 

value for dust detection is -1.1K. Namely, only the pixel when the DCD is lower 

than -1.1K is considered to be dust. 

 

2.2.2. Infrared Difference Dust Index (IDDI) 

The Infrared Difference Dust Index (IDDI) is an algorithm designed for 

dust detection in arid regions such as the Sahel and Sahara using Meteosat-IR 

channel (10.5 – 12.5 μm) measurements. It is based on the atmospheric response 

of dust. Under the dust condition, the thermal infrared radiance measured at the 

satellite altitude is smaller than surface upwelling radiance due to (1) the ground 

surface cooling in the shortwave region and (2) the colder attenuation by 

absorption when passing through the dust layer than the emission from dust 

(Legrand et al., 2001). Simply, the IDDI is defined as a depression of thermal 
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infrared radiance due to the dust layer in the atmosphere and is expressed as: 

 

IDDI = TB – Ts                        (2) 

 

with TB and Ts being the measured brightness temperature from the satellite and 

surface temperature. This surface temperature (Ts) is given through a maximum 

brightness temperature within 10 days with an assumption that the period is large 

enough to reasonably ensure the occurrence of at least one cloudless and dustless 

day for each pixel. In KMA, this IDDI is applied to MTSAT-1R and has been 

used operationally since the spring of 2006. 

 

2.2.3. Infrared Optical Depth Index (IODI) 

The Infrared Optical Depth Index (IODI) derived from the MTSAT-1R 

data has been produced at the KMA since the spring of 2007 for monitoring 

Asian dust. This method takes advantages of the BTD and IDDI methods, which 

make dynamic threshold values based on the change of surface temperature and 

use the maximum brightness temperature of the last 10 days for which they 

assume a clear sky (Kim et al., 2008). The IODI is defined as: 
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with t , I , and T  being the optical thickness, radiance from satellite at 11 

μm channel, and surface temperature, respectively. The subscript of c and d 

represent clear and dusty pixels, respectively. 

The IODI uses the difference of infrared optical thickness between a clear 

and dusty case that corresponds to the ratio of brightness temperature. As a result, 

IODI provides improved results as compared with the BTD or IDDI methods by 

accounting the diurnal cycle of surface temperature and the irregular distribution 

of surface heat capacity that yield the discontinuity between land and ocean, and 

between day and night. 

 

2.2.4. COMS Aerosol Index (AI) 

COMS (Communication, Ocean and Meteorological Satellite) is the 

Korea’s first geostationary multi-purpose satellite stationed at a longitude of 

128.2°E, performing the duties of meteorological and ocean observations and 

communication services. The COMS was launched successfully on June 27, 

2010. The Aerosol Index (AI) especially designed for the COMS is in 

operational use since April 2011.  
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The COMS AI uses the background BTD (BTD’) from which deviated 

BTD is used for delineating the intensity of dust aerosols, i.e.:   
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where BTD’ represents a clear state based on the composite of the maximum 

TB11 in the recent 10-days. Thus the maximum TB11 can be regarded as the 

surface temperature under the condition of least aerosol contamination in the 

recent 10-days. 

 

2.2.5. D*-parameter 

Hansell et al. (2007) has developed a dust detection method using 

MODIS IR window channel brightness temperatures. This approach is based on 

the spectral variability of dust emissivity amongst 8.6, 11 and 12 μm channels. 

To detect both daytime and nighttime dust aerosol pixels, they have constructed a 

D*-parameter in terms of BTD (11 μm – 12 μm) and BTD (8.6 μm – 11 μm) as 

follows: 

 

 )}])/{(})exp[{(D* 116.81211 ETTCTT mmmm ----= mmmm        (5) 
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where parameters C and E represent thermal offsets for BTD (11 μm – 12 μm) 

and BTD (8.6 μm – 11 μm), respectively. For use of the D*-parameter, the 

offsets C and E in Eq. (5) were set to -0.5 and 1.5, respectively (Hansell et al., 

2007). It is suggested that D* > 1 indicates a dust aerosol signal. In other words, 

the D*-parameter greater than 1 at a given location is considered to be dust 

aerosol present at the location. 
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2.3. Limitations of the IR-based dust indices 

 

Dust index based on IR window measurements has been commonly used 

for dust monitoring because of its simple process of distinguishing dust pixels 

from others. Despite simplicity, there exist various caveats. As example, here we 

discuss limitations of the IR-based dust indices from a dust case occurred over 

the 30 April to 1 May 2011 period. 

Figure 4 shows the dust indices from various methods showing a dust 

cloud over the Inner-Mongolian and Manchuria region at 14:30 KST 30 April 

2011, together with MODIS true color composite image. Most images in Figure 

4 clearly depict the cyclone system including an obvious dust storm. It is found 

that dust indices (Figure 4a-4e) have their own ranges and detection areas. For 

example, the DCD image (Figure 4a) does not detect dust over the Manchuria 

region through the influence of clouds. However, other indices (Figure 4b-4e) 

were able to detect heavy dust loadings over cloud systems as seen clearly in the 

MODIS RGB image (Figure 4f). 

After half a day (2:30 KST 1 May 2011) the dust storm has moved 

southeast and arrived at the Yellow Sea as seen in Figure 5. Since there is no 

visible light at this time, a surface weather chart showing locations of dust report 

over the west part of North Korea is presented in Figure 5f. Similar to as shown 
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in Figure 4, the DCD image (Figure 5a) again does not detect the dust areas over 

the Manchuria region. Compared with the surface chart in Figure 5f, the IODI 

image (Figure 5c) could not detect dust over the western part of North Korea. 

Also noted is the quantitative difference of the IDDI images between daytime 

(Figure 4b) and nighttime (Figure 5b). Unlike the other, the nighttime IDDI 

image (Figure 5b) of dust loadings over the Manchuria region is significantly 

weakened than the daytime image (Figure 4b) revealing uncertainties for 

different situations.  The highest level of IDDI was observed in Figure 4b, 

however, only the lowest level remains in Figure 5b. Figure 6 shows the daytime 

images at 2:30 KST 1 May 2011 of dust loadings passing across the Korean 

peninsula. It is clearly shown that dusts are present over the Yellow Sea. The 

DCD and IDDI images (Figure 6a-6b) could not detect the thick dust area over 

the Yellow Sea while IODI and COMS AI captured the dust area shown in the 

visible image. 

It is obvious that the IR-based dust index is a useful tool for monitoring 

the evolutionary features of the dust storm. However, there seem to be certain 

limitations. 1) Most of indices show the discontinuity between land and ocean, 

and between daytime and nighttime 2) There is a quantitative uncertainty 

especially in the IDDI. On the other hand, amongst the 5 indices, the IODI, 

COMS AI and D*-parameter appear to be relatively stable at least in this case 
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(Figure 4-6). 3) Nevertheless, all methods do not provide physical quantities but 

qualitative index lacking the scalability. 

To reduce these limitations we would take advantages of both IR- and 

VIS-based monitoring capabilities. By using ANN model, VIS-AOT will be 

calculated from the MODIS IR radiances. It leads us to retrieve the VIS-

equivalent AOT not only during the daytime but also nighttime. The 

methodology and validation results will be discussed in Chapter 3 and 4, 

respectively. In Chapter 5, the calculated nighttime VIS-AOT is applied through 

assimilation to a dust model and its effectiveness will be examined. 

  



 

 

Figure 4. (a) – (e) Dust indices used in KMA, and (f) MODIS RGB image 
around 14:30 KST 30 April 2011.
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(e) Dust indices used in KMA, and (f) MODIS RGB image 
around 14:30 KST 30 April 2011. 

 

(e) Dust indices used in KMA, and (f) MODIS RGB image 
  



 

 

Figure 5. (a) – (e) Dust indices used in KMA, and (f) surface weather chart with 
locations of dust report denoted by red circles around 2:30 KST 1 May 
2011. 
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(e) Dust indices used in KMA, and (f) surface weather chart with 
locations of dust report denoted by red circles around 2:30 KST 1 May 

 

(e) Dust indices used in KMA, and (f) surface weather chart with 
locations of dust report denoted by red circles around 2:30 KST 1 May 



 

 

Figure 6. (a) – (e) Dust indices used in KMA, and (f) MODIS RGB image 
around 13:30 KST 1 May 2011.
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(e) Dust indices used in KMA, and (f) MODIS RGB image 
around 13:30 KST 1 May 2011.  

 

(e) Dust indices used in KMA, and (f) MODIS RGB image 
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3. Data and Methods 

 

3.1. MODIS 

 

MODIS measures radiances at 36 spectral bands, spanning the VIS-IR 

region of the spectrum (from 0.415 μm to 14.235 μm), with a spatial resolution 

of 250 m, 500 m, and 1 km at nadir, depending on the wavelength. Its large 

swath of 2,330 km enables global coverage within one or two days (Salomonson 

et al. 1989). MODIS Aqua data were analyzed for use of the brightness 

temperatures, AOT, and land cover on the East Asia domain (20°N-55°N, 90°E-

145°E) in spring (March - May) of 2006 - 2007. Information on the MODIS IR 

bands used in this study is summarized in Table 2. 

Brightness temperature data were inverted from MODIS Level 1B 

calibrated radiance with a 1 km resolution using the inverse of the Planck 

function with sensor response functions. The IR radiation is emitted as a 

blackbody and the Planck’s Function is given by: 
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where 2
1 2 hcC p=   and KhcC =2  are known as the first and second radiation 

constants, respectively (Liou, 2002). 

This equation is integrated over an instrument response function to 

calculate the radiance that corresponds to a brightness temperature for a 

particular instrument channel and is expressed as: 

 

 

ò

ò
=D )(

)(

)(

)(
upper

lower

upper

lower

dr

drR
R l

l
l

l

l
ll

l

l

l
                     (7) 

 

where lDR  is radiance observed by the sensor, lr  is the instrument response 

function. Eq. (6) can be inverted to: 
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From the Eq. (7) and (8), the linear relationship between brightness 

temperature (TB) and radiance observed by the sensor can be obtained by 

adjusting trial temperature sufficiently. 
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AOTs at 550 nm as target data of ANN are extracted from MYD04_L2 

products: ‘Deep Blue Aerosol Optical Depth 550 Land’ for land, and ‘Optical 

Depth Land and Ocean’ for ocean (Levy et al. 2003; Hsu et al. 2004). The 

MODIS algorithm for aerosol optical thickness retrieval is based on a ‘look-up 

table’ (LUT) approach, i.e., radiation transfer calculations are pre-computed for a 

set of aerosol and surface parameters and compared with the actual observed 

radiation field. These algorithms assume that one fine and one coarse lognormal 

aerosol modes can be combined with proper weightings to represent the ambient 

aerosol properties over the target (Remer et al., 2005). For constructing the ANN 

model, all input and target data are prepared in the 0.2°×0.2° grid format over the 

East Asian domain (20°N-55°N, 90°E-145°E). Since the East Asian dust 

phenomenon mostly occurs in the spring, the training data were collected from 

March to May 2006. 

Land cover data were obtained from the MYD12_Q1 product of “IGBP 

Land Cover Type” including the 17 classes of land cover in the International 

Geosphere-Biosphere Programme (IGBP) global vegetation classification 

scheme. The IGBP land cover in the domain of this study is shown in Figure 7. 
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Table 2. Characteristics of the MODIS IR channels. 
 
Band    Range(μm)    Ttypical (K)   Radiance              Application 

at Ttypical(Wm-2μm-1sr-1)    (this study) 
20    3.660 – 3.840      300       0.45    
21    3.929 – 3.989      335       2.38     
22    3.929 – 3.989      300       0.67     
23    4.020 – 4.080      300       0.79     
24    4.433 – 4.498      250       0.17            BT, ε   
25    4.482 – 4.549      275       0.59            BT, ε  
27    6.535 – 6.895      240       1.16     
28    7.175 – 7.475      250       2.18     
29    8.400 – 8.700      300       9.58            BT, ε, D* 
30    9.580 – 9.880      250       3.69     
31   10.780 – 11.280     300       9.55            BT, ε, D* 
32   11.770 – 12.270     300       8.94            BT, ε, D* 
33   13.185 – 13.485     260       4.52            BT, ε  
34   13.485 – 13.785    250       3.76            BT 
35   13.785 – 14.085    240       3.11            BT 
36   14.085 – 14.385    220       2.08            BT 
* BT: Brightness Temperature; ε: Emissivity; D*: Parameter for dust detection 
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Figure 7. IGBP land cover map over the East Asia domain from MODIS. Each 

number in the map represents IGBP land type ID as shown in Table 3, 

except “Water Bodies” as set to 0 and “Tundra” is not drawn. 
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3.2. Emissivity and Topography 

 

Emissivity spectra ranged from 3.5 to 14 μm of 9 samples from the 

ASTER spectral library were used to characterize the 17 IGBP surface types. 

They include data from three other spectral libraries: the Johns Hopkins 

University (JHU) Spectral Library, the Jet Propulsion Laboratory (JPL) Spectral 

Library, and the United States Geological Survey (USGS – Reston) Spectral 

Library (see online at http://speclib.jpl.nasa.gov/). For each IGBP surface type, 

IR spectral emissivities in the ASTER library are weighted and averaged for the 

MODIS IR spectral bands by applying corresponding spectral response functions. 

Table 3 shows how the 9 surface materials are associated with the 17 surface 

types. The decisions on how to associate the surface types were based on the 

information available and on the author’s best judgment of how to best 

characterize the surface type. Spectral emissivities are weighted and averaged 

along each wavelength interval of the MODIS band with a known response 

function for each IGBP surface type. Because temperature dependence of the 

emissivity is usually very small for most surface materials, the band-average 

emissivity in the MODIS IR bands are defined by: 
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where le  is the spectral emissivity from the ASTER spectral library for each 

IGBP type from Table 3 and lr  is the response function of MODIS in band i 

(Wilber et al., 1999).  

 Figure 8 shows the MODIS IR band-average emissivity of the 17 surface types. 

The values of emissivity for the MODIS IR bands are shown in Table 4. Since 

the emissivity provided in the spectral library range from 3.5 to 14 μm emissivity, 

only those at MODIS bands (24, 25, 29, 31, 32, and 33) were selected (Table 5). 
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Table 3. Assignment of laboratory measurements to surface types (Wilber et al., 

1999). 

Type 
ID IGBP Type Spectral Library 

1 Evergreen Needle leaf 
Forest Conifer 

2 Evergreen Broadleaf Forest Conifer 

3 Deciduous Needle leaf 
Forest Deciduous 

4 Deciduous Broadleaf Forest Deciduous 
5 Mixed Forest 1/2 Conifer + 1/2 Deciduous 

6 Closed Shrub lands 1/4 Quartz sand + 3/8 Conifer + 3/8 
Deciduous 

7 Open Shrub lands 3/4 Quartz sand + 1/8 Conifer + 1/8 
Deciduous 

8 Woody Savannas Grass 
9 Savannas Grass 
10 Grasslands Grass 
11 Permanent Wetlands 1/2 Grass + 1/2 Seawater 
12 Croplands Grass 
13 Urban Black Body 

14 Cropland/Mosaic 1/2 Grass + 1/4 Conifer + 1/4 
Deciduous 

15 Snow and Ice Mean of Fine, Medium, and Coarse 
Snow and Ice 

16 Barren Quartz sand 
17 Water Bodies Seawater 
18 Tundra Frost 
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Figure 8. Band-averaged emissivity for the 17 IGBP surface types. 
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Figure 8. (Continued.) 
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Table 4. Emissivity values of the MODIS infrared channels for each IGBP surface type. 

IGBP Type Band 
20 

Band 
21 

Band 
22 

Band 
23 

Band 
24 

Band 
25 

Band 
27 

Band 
28 

Band 
29 

Band 
30 

Band 
31 

Band 
32 

Band 
33 

Evergreen Needle leaf Forest 0.988  0.987  0.987  0.987  0.989  0.989  0.991  0.991  0.990  0.991  0.989  0.991  0.992  

Evergreen Broadleaf Forest 0.988  0.987  0.987  0.987  0.989  0.989  0.991  0.991  0.990  0.991  0.989  0.991  0.992  

Deciduous Needle leaf Forest 0.983  0.982  0.982  0.982  0.984  0.985  0.984  0.983  0.977  0.983  0.973  0.973  0.981  

Deciduous Broadleaf Forest 0.983  0.982  0.982  0.982  0.984  0.985  0.984  0.983  0.977  0.983  0.973  0.973  0.981  

Mixed Forest 0.985  0.984  0.984  0.984  0.987  0.987  0.987  0.987  0.984  0.987  0.981  0.982  0.987  

Closed Shrub lands 0.966  0.966  0.965  0.966  0.975  0.972  0.988  0.989  0.959  0.981  0.981  0.983  0.985  

Open Shrub lands 0.926  0.928  0.928  0.930  0.953  0.943  0.991  0.993  0.909  0.969  0.980  0.986  0.981  

Woody Savannas 0.982  0.982  0.982  0.983  0.986  0.987  0.993  0.994  0.984  0.978  0.984  0.989  0.989  

Savannas 0.982  0.982  0.982  0.983  0.986  0.987  0.993  0.994  0.984  0.978  0.984  0.989  0.989  

Grasslands 0.982  0.982  0.982  0.983  0.986  0.987  0.993  0.994  0.984  0.978  0.984  0.989  0.989  

Permanent Wetlands 0.979  0.979  0.979  0.980  0.982  0.983  0.987  0.988  0.984  0.982  0.988  0.987  0.980  

Croplands 0.982  0.982  0.982  0.983  0.986  0.987  0.993  0.994  0.984  0.978  0.984  0.989  0.989  

Urban 1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  

Cropland/Mosaic 0.984  0.983  0.983  0.983  0.986  0.987  0.990  0.990  0.984  0.982  0.983  0.985  0.988  

Snow and Ice 0.982  0.984  0.984  0.985  0.986  0.985  0.987  0.987  0.989  0.992  0.987  0.971  0.965  

Barren 0.907  0.909  0.909  0.911  0.942  0.928  0.993  0.994  0.884  0.963  0.979  0.987  0.979  

Water Bodies 0.975  0.977  0.977  0.977  0.978  0.978  0.982  0.982  0.984  0.987  0.991  0.986  0.970  
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Land surface topography (zs) is also included as inputs, and we use 1-km 

resolution data obtained from the USGS SRTM30 gridded DEM data product 

created with data from the NASA Shuttle Radar Topography Mission. GTOPO30 

data are used for high latitudes where SRTM data are not available (see online at 

http://topex.ucsd.edu/). On the other hand, topography data at all ocean areas are 

set to zero. 
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Figure 9. Topography over the East Asia domain from USGS SRTM30 gridded 

DEM data 
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3.3. Artificial Neural Network (ANN) model 

 

In a nonscattering atmosphere, the upward radiance (Iλ) at the top of the 

atmosphere is influenced by surface emissivity (ελ), surface temperature (Ts), 

relative airmass (mr=1/μ; μ=cosθ, where θ is the sensor zenith angle), and the 

optical thickness (τ) from the surface to the TOA, i.e.: 
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Over the window spectral region, the total optical thickness (τ) can be 

treated as dust-only-influenced optical thickness, which can be interpreted as a 

quantity nonlinearly related to other factors such as temperature profile, moisture 

profile, surface temperature, and surface emissivity.  

Because of the high complexity inherent in physically determining the 

AOT from IR brightness measurements as shown in Eq. (11), there may not be a 

general way to link infrared brightness temperatures to visible-based AOTs. 

However, in this study we simplify the problem by only focusing on the dust 

under the assumption that dust aerosols emitted from Chinese and Mongolian 

arid areas maintain similar optical properties during their movement. Then we try 
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to transfer the relationship obtained from collocated visible-based AOTs vs. IR 

brightness temperatures during the daytime to the nighttime. It is straightforward 

to convert the visible-based optical thickness to the corresponding IR-based 

value as shown for clouds by applying extinction efficiency Qext given as a 

function of wavelength (e.g. Ham et al., 2009; Wei et al., 2004; Yang et al., 2003; 

Yang et al., 2000 among many others). Same conversion method can be applied 

to dust aerosols, and thus there should be a relationship between visible AOT and 

IR AOT. And now for dust aerosols, by further assuming that IR AOT can be 

expressed by IR brightness temperatures and associated parameters (such as 

surface emissivity and surface temperature) -- as demonstrated in the recent 

success to measure IR AOTs from IR hyperspectral images from AIRS and IASI 

(Peyridieu et al, 2010, Pierangelo et al. 2004, Yao et al., 2011) -- the implicit 

relationship between visible AOT and IR brightness temperature can be expected. 

The expected relationship is highly non-linear and thus ANN approach is used to 

obtain the relationship. It is because the ANN is well known as a mathematical 

tool to solve forward and inverse remote sensing problems (Krasnopolsky and 

Schiller, 2003; Mas and Flores, 2008; Gupta and Christopher, 2009). In this study, 

we use the so-called Multi-Layer Perceptron (MLP) ANN model, which allows a 

feed-forward network to link AOT at 550 nm with brightness temperatures in the 

IR bands of MODIS. The multi-layer feed-forward ANN model used in this 
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study consists of three layers – an input layer, a hidden layer, and an output layer 

– which are connected by synaptic weights as shown in Figure 10.  

 The ANN model has a single hidden layer with 10 neurons, and a 

tangent sigmoidal function is used in all the neurons to fit the nonlinear response 

of neurons to given inputs. A bias parameter is added to both the hidden and 

output layers for more flexible use of the activation function. In the training 

procedure a learning rate of 0.1 and a bias of 1 are provided. The weight 

adaptation rule considered here is a backpropagation algorithm, which is a 

steepest descent algorithm to minimize the error term (the difference between 

actual and expected results) (Rumelhart et al., 1986; Wilde, 1995). 

Implementation details of the training process can be found in Brierley and Batty 

(1999), and a more theoretical basis in Bishop (1995). A brief summary of the 

backpropagation weight update rule is found in the Appendix 
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Figure 10. Architecture of the ANN showing 17 inputs—8 MODIS brightness 

temperatures (BTs), BT11μm – BT12μm (BTD), six surface emissivities 

(εs), relative airmass of the sensor (mr), and topography (zs), a single 

hidden layer with 10 neurons, and the target output–aerosol optical 

thickness (AOT). 
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3.4. Sensitivity test of input data 

 

To construct ANN, we selected all IR-based factors contributing to AOT. 

Amongst 16 IR bands in Table 2, 4 near-IR bands (band 20, 21, 22, 23) are 

excluded owing to solar contamination. One particular channel BT is removed 

from the total twelve channel BTs, and the remaining eleven channel BTs are 

used for running the ANN model. The removal procedure is continued until all 

twelve possible combinations are completed, and the corresponding RMSEs are 

calculated (Figure 11). The thick and thin dashed lines mean the median and 

minimum RMSE of the control training case (“No exception”), respectively. The 

sensitivity test for each brightness temperature shows the dominant effect of two 

window bands (band 31, 32) to AOT. However, the other bands are not so 

different from the control training case. For this reason, we categorized the 12 

BTs into four key uses of temperature profile (band 24, 25, 33, 34, 35, 36), 

surface temperature (band 29, 31, 32), moisture profile (band 27, 28), and total 

ozone (band 30). Then we performed the sensitivity test again with the four 

categories. As a result, nine MODIS BTs over the 8.6, 11, 12 μm window bands, 

and over the 4.3, 15 μm CO2 absorption band were chosen, which yield the 

largest RMSEs (Figure 12). Results suggest that water vapor and ozone channel 

BTs are the least significant for dust retrieval using the ANN model. Nonetheless, 
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water vapor information may be necessary in particular for the water vapor 

abundance region, such as the open ocean, since water vapor tends to obscure the 

dust signal shown in the BTD (Prata 1989a; Prata 1989b; Ackerman 1997). 

Further study to examine the water vapor influence on the dust signal may be 

required. 
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Figure 11. ANN training Root Mean Square Errors when each brightness 

temperature is excepted from input data. The last “No exception” is a 

control training case with all input data. Thick red and thin blue dashed 

line represent the median and minimum RMSE of “No exception” case, 

respectively. 
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Figure 12. ANN training Root Mean Square Errors when each group is excepted 

from input data. The last “No exception” is a control training case with 

all input data. Thick red and thin blue dashed line represent the median 

and minimum RMSE of “No exception” case, respectively. 
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Table 5. Inputs used for the artificial neural network (ANN) model. 
 
Inputs  Notations     Descriptions 

1     BT4.4μm      Brightness temperature at 4.4 μm 

2     BT4.5μm      Brightness temperature at 4.5 μm 

3     BT8.6μm      Brightness temperature at 8.6 μm 

4     BT11μm      Brightness temperature at 11 μm 

5   BTD (BT11– BT12μm) Brightness temperature difference between 11 and 12 μm 

6     BT13.3μm     Brightness temperature at 13.3 μm 

7     BT13.6μm     Brightness temperature at 13.6 μm 

8     BT13.9μm     Brightness temperature at 13.9 μm 

9     BT14.2μm     Brightness temperature at 14.2 μm 

10     ε8.6μm       Surface emissivity at 8.6 μm 

11     ε11μm       Surface emissivity at 11 μm 

12     ε12μm       Surface emissivity at 12 μm 

13     ε4.4μm       Surface emissivity at 4.4 μm 

14     ε4.5μm       Surface emissivity at 4.5 μm 

15     ε13.3μm       Surface emissivity at 13.3 μm 

16     mr        Relative air mass (secant of sensor zenith angle) 

17     zs         Topography 
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3.5. Construction of training data 

 

After the sensitivity test of input data, the ANN model is made of 17 

input data, nine MODIS BTs, six surface emissivities (ελ), relative airmass from 

the surface to the sensor (mr), and topography (zs). Table 5 summarizes the inputs 

used. As shown in Figure 10 and Table 5, eight MODIS BTs are directly given to 

the model, while 12 μm BT is indirectly given as a part of the BTD. For the 

given inputs, AOT at 550 nm is the target output equivalent to the AOT retrieved 

from Aqua MODIS measurements. 

To determine the dust-dominant pixel by IR band we used D*-parameter, 

which is based on the spectral variability of dust emissivity at 8.6, 11 and 12 μm 

wavelengths as shown in section 2.2.5. The dust presence is assumed if D* > 1 

as shown in Hansell et al. (2007). 

For training the ANN model, 208,802 pixels were collected in spring 

2006 when D* > 1 and MODIS AOT was available. Among these, 146,161 

pixels (about 70% of the data) were randomly chosen for the calibration, and the 

remaining 62,641 pixels (about 30% of the data) were used for the model 

validation. The calibration dataset is further divided into a training data set of 

104,401 pixels (50% of the data) and a testing data set of 41,760 pixels (20% of 

the data). The training datasets were used to train the ANN models by updating 
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weights. The performance of the learning process was then compared using an 

independent testing dataset after each training-iteration, and the network with the 

smallest error with respect to the testing dataset was selected. The performance 

of the selected network should be confirmed by measuring its performance on a 

third independent validation dataset. Input and output data over all pixels are 

normalized in the range of -1 to 1 by using their minimum and maximum data. It 

is because of different units and ranges of input/output data, normalization is 

necessary. It is also needed for the use of hyperbolic tangent sigmoid function 

whose range is between -1 and 1. In addition, for the first training, the ANN 

model generated initial random synaptic weights ranging from -0.1 to 0.1. Finally, 

the optimal synaptic weights were determined when the convergent RMSEs of 

training, testing, and validation were 9.908E-2, 1.004E-1, and 1.010E-1, 

respectively. The best weight between input-hidden layer and hidden-output 

layer in this study is shown in the Appendix. 

 In this study, only dust aerosols are focused after examining whether 

dust aerosols are present using D*-parameter as a dust index. The evolved dust 

properties during the nighttime, in which visible light is not available, should 

give influences accordingly on the IR brightness temperatures in different bands, 

as inferred from the success of IR AOT and dust height retrievals using IR 

hyperspectral IASI or AIRS images (Peyridieu et al., 2010; Pierangelo et al., 
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2004; Yao et al., 2011). Thus it is thought to be plausible to estimate IR-based 

AOT from MODIS IR measurements, and then to convert IR-based AOT to 

visible-equivalent AOT by applying the relationship obtained from the ANN 

method. 

Synthetically, Figure 13 shows the overall flowchart of the AOT retrieval 

algorithm from MODIS IR bands measurements using ANN model. The input 

data of ANN are obtained from MODIS, the ASTER spectral library, and 

SRTM30. Although there is no visible light at nighttime, the relative air mass, 

brightness temperature, and land cover data can be obtained through MODIS 

measurement. These input data and MODIS AOT are connected with a multi-

layer perceptron ANN model during daytime. At the training and application 

process of ANN, only the dust pixels which are proved by D*-parameter are used. 

Consequentially, from the pre-trained ANN and the seventeen input data, 

nighttime dust AOT can be calculated.  
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Figure 13. Flowchart of the aerosol optical thickness (AOT) retrieval algorithm 

from MODIS IR bands measurements using ANN model. 
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4. ANN AOT retrievals and validations 

 

4.1. Evolutionary feature of 7-8 April 2006 dust event 

 

An intense Asian dust event was observed over the East Asian region on 

7-8 April 2006 (Figure 14). A dust band was clearly observed moving rapidly 

from northwest to southeast, taking only one day to pass across the Korean 

peninsula and reach the Japanese archipelago. Figure 14a is a daytime composite 

AOT image from eight granules (0355, 0400, 0530, 0535, 0540, 0710, 0715, 

0720 UTC on 7 April) of MYD04 products. Figure 14b is a composite image of 

nighttime ANN AOT constructed from six granules (1600, 1730, 1735, 1740, 

1910, 1915 UTC on 7 April). Figure 14c is the same as Figure 14a but from 0300, 

0305, 0435, 0440, 0445, 0615, and 0620 UTC on 8 April.  

Figure 14 provides an evolutionary feature of the dust event. During the 

daytime of 7 April, a heavy dust area appeared to be over Manchuria, southeast 

of eastern Mongolia – the exact area is obscured by cloud contamination. A 

second dust band that may or may not have the same origin as the one in 

Manchuria is also visible along about 35N parallel from China to Korea. After 

one day, on 8 April, the dust area located in Manchuria rapidly moved southeast 
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and formed a dust band extending from the Shandong peninsula in China to the 

Korean peninsula and over to Shimane prefecture in Japan with AOTs greater 

than 2.0 in Japan (Figure 14c). The retrieved nighttime dust AOT clearly 

suggests that the dust band shown in the daytime of 8 April indeed passed across 

the Korean peninsula (Figure 14b) when the direction of movement and AOT 

values are considered. It shows that the intensity of AOT retrieved over the 

Korean peninsula declines at night, and yet a dust band with large AOT of 

around 2.0 is still discernible. 

The evolutionary feature of the dust at nighttime appears to be manifested 

by the time series of ground-based PM10 data observed at three sites in Korea 

(Gwanaksan, Gwangdeoksan, and Ulleungdo) on 7-8 April, 2006 (Figure 15). 

The PM10 time series indicate sudden increases of surface aerosol concentrations 

at the northwestern South Korean sites (Gwanaksan and Gwangdeoksan) just 

before 00LST 8 April and at the eastern site (Ulleungdo) after 00 LST 8 April, 

suggesting the arrival of the dust plume during the night of 7 April. The dust 

plume arrived during the night of 7 April, became stronger in the following day 

(8 April), and then became weaker in the night of 8 April in Korea.  

Although the direct comparison between AOT and PM10 concentration 

may not provide a linear relationship, Figure 15 demonstrates that the ANN-

derived AOTs depict well an evolutionary feature of the dust plume. During the 
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Aqua passage in the daytime of 7 April, there was no AOT observation due to 

cloud contamination. But, the next passage at 1735 UTC 7 April (0235 LST 8 

April) showed a high ANN AOT over the northwestern sites (Gwanaksan and 

Gwangdeoksan) of 0.79 and 1.24, respectively. And the third passage at 0440 

UTC (1340 LST) 8 April showed high AOT of 1.50, 0.79, and 1.48 over the 

Gwanaksan, Gwangdeoksan, and Ulleungdo sites, respectively. Around 0235 

LST of April 8 (the second bar), the coincident increase of PM10 and AOT at the 

Gwanaksan and Gwangdeoksan sites strongly suggests that the ANN-AOT 

distribution given in Figure 14b represents the AOT distribution that might be 

observable if a VIS light source were available.  
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 (a)  
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Figure 14. Time evolution of AOT composite: (a) from MODIS/Aqua in the 
daytime on 7 April, (b) from ANN model at nighttime on 7 April, and 
(c) from MODIS/Aqua in the daytime on 8 April 2006. 
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Figure 15. Left: Geographical locations of three PM10 sites (Gwanaksan, 

Gwangdeoksan, and Ulleungdo) in Korea. Right: Time series of PM10 

measurements at Gwanaksan (solid thin line), Gwangdeoksan (solid 

line with dots), and Ulleungdo (solid thick line) sites on April 7-8, 

2006. Vertical bars represent the Aqua overpass time in Korean local 

time (i.e., 0355 UTC (1255 LST) 7 April, 1735 UTC 7 April (0235 

LST 8 April), and 0440 UTC (1340 LST) 8 April). The AOT values at 

three sites from Figure 14 are also given on bars using the same 

symbols in the left panel, and scale is given on the right-hand side. 
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4.2. Daytime AOT validation 

 

As shown in the case study of Figure 14, it must be beneficial to use the 

derived nighttime AOTs for the dust monitoring because the pattern as well as 

intensity of nighttime dust bands are captured well by the developed ANN 

method. Since such assessment is a qualitative measure, in this section, 

quantitative validation efforts are given by comparing first ANN retrievals with 

MODIS AOT data from spring 2007, independent of the training dataset. Figure 

16 illustrates a dust event that occurred in East Asia at 0405 UTC (1305 LST in 

Korea) on 1 April 2007. The MODIS AOT product and ANN retrieval are 

compared to assess the performance of the ANN method depicting the spatial 

distribution. Despite cloud contamination, the Aqua/MODIS AOT product 

(Figure 16a) and RGB image (Figure 16c) clearly captured a heavy dust band 

passing over the Korean peninsula and spreading to Hokkaido island of Japan. 

Heavy dust aerosol, with an optical thickness of over 4.0, is observed in the area 

off the east coast of Korea (Figure 16a). This feature is also found in the ANN 

model result (Figure 16b). When compared with the RGB image (Figure 16c), 

high ANN AOT (in Figure 16b) covers a wider area but the spatial distribution 

has a similar pattern. Contrary to the high AOT case, the southern coast of Japan, 

showing low AOT, is excluded by the D*-parameter in Figure 16b, suggesting 
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that the aerosols over those regions may not be dust related. Figure 16d shows a 

scatter plot between simultaneously retrieved instantaneous MODIS (Figure 16a) 

and ANN (Figure 16b) AOT. Also shown are the slope and intercept, the linear 

correlation coefficient R, and the number of data points (N). The regression 

equation, with a positive offset (0.89) and slope lower than unity (0.68), suggests 

overestimation for relatively low AOT and underestimation for high AOT. The 

comparison shows that the ANN AOTs generally lie within 30% of the MODIS 

AOTs. The numbers of pixels within a 20% and 30% difference in Figure 16d are 

61 and 78, respectively. As a result, only 28 pixels out of the total 106 pixels lie 

outside the 30% difference. The ANN AOT also delineates a strong linear 

relationship with the MODIS AOT with a correlation coefficient of 0.86. 

Although the MODIS ocean algorithm does not perform well with heavy dust 

due to its non-sphericity (Levy et al. 2003), from the point of view of ANN 

performance, it is worthwhile to note the consistency with MODIS AOTs. 

Beside the ocean comparison shown in Figure 16, a land case is 

examined separately (Figure 17). This illustrates a dust event that occurred in the 

eastern part of China at 0615 UTC (1515 LST in Korea) on 4 April 2007. The 

spatial distribution of the ANN AOT (Figure 17b) is in good agreement with the 

MODIS AOT product (Figure 17a). Similar to the ocean case, the ANN AOTs 

appeared to be overestimated for the small MODIS AOT region while 
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underestimated for the large MODIS AOT region, as shown in the scatter plot of 

instantaneous AOTs (Figure 17d). Compared with Figure 16d, the statistics show 

slightly better performance (0.73 of slope, 0.13 of intercept, and 0.87 of 

correlation coefficient). 

Comparison is also made for the entire spring of 2007. Table 6 

summarizes the number of matched pixels (N), regression results (slope, 

intercept), root mean square error (RMSE), and correlation coefficient (R) 

between the MODIS and ANN AOTs for each IGBP type. A total of 155,922 

pixels were identified as dust by the D*-parameter. The slope, intercept, and 

correlation coefficient obtained from the linear regression are 0.63, 0.12, and 

0.77, respectively, indicating a general overestimation (underestimation) of AOT 

by the ANN method for weak (strong) dust cases.  

The frequency distributions for the given MODIS and ANN AOTs in 

Figure 18 indicate that most dust pixels show AOTs smaller than 1, and they are 

again generally overestimated by the ANN method. On the other hand, for the 

relatively heavier dust cases, distributions show a bi-modal pattern; i.e., one 

extending diagonally and the other bulging toward the lower estimate by the 

ANN method. Overall, the ANN method tends to underestimate the AOT when 

the dust loading is heavy.  

In order to further examine the bimodal pattern shown in Figure 18, we 
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look at the frequency distributions classified by six major IGBP types, which 

account for more than 98% of the total pixels (see Figure 19). Among them, the 

‘Barren’ type, accounting for more than two thirds of the collected cases, shows 

clear underestimates by the ANN method, and underestimation is more evident 

for heavy dust cases showing MODIS AOT greater than 1.0. This 

underestimation is manifested by the low value of the regression slope (i.e. 0.54). 

A less significant underestimate is clear for the ‘Grasslands’ type which covers 

the second largest area in the domain, with a regression slope of 0.65 and 

correlation coefficient of 0.77. In the ‘Croplands’ region, the agreement is quite 

good, as shown in the intercept point of 0.06 and slope of 0.78. Unlike other land 

types, the bias is small in the ‘Water Bodies’ type, which exhibits a regression 

slope and correlation coefficient of 0.72 and 0.85, respectively. Since the 

MODIS over-ocean algorithm is known to perform better than the over-land 

algorithm (Tanré et al. 1999; King et al. 1999; Remer et al. 2005), the ANN-

derived AOTs are also considered to be better over the ocean. It is because the 

ANN method depends on the quality of the training data. Overall, the results 

indicating that the regression statistics depend on the surface types suggest that 

the surface emissivity may be an important parameter influencing the 

performance. Specification of more accurate surface emissivity may be necessary 

for better results from the ANN method. 
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Figure 16. (a) MODIS (Aqua) retrieved AOT, (b) ANN retrieved AOT, (c) 

MODIS true color images of dust storm outbreak on the Korean 
peninsula, and (d) scatter plot between MODIS AOT and ANN AOT at 
0405 UTC on 1 April 2007. The brightness temperature at 11 μm is 
added on the background of (a) and (b) to show the cloud distribution. 
The red coastline in (c) delineates the Korean peninsula. The solid line 
in (d) is the one-to-one matching line between the MODIS and ANN 
AOT. The dashed line represents a 20% difference, and the chain-
dashed line a 30% difference. 
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Figure 17. Same as Figure 16, except for the dust plume on the eastern part of 

China at 0615 UTC on 4 April 2007. 
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Table 6. Number of matched pixels (N), regression results (slope, intercept), root 

mean square error (RMSE), and correlation coefficient (R) between 

MODIS and ANN AOT for each IGBP type during spring (March-May) 

2007. 

 

IGBP Type            N  Slope  Intercept  RMSE  Mean Bias   R 
                                          (ANN-MODIS)    

1. Evergreen Needleleaf Forest   11   -0.10     0.54      0.28    0.19     -0.20  

2. Evergreen Broadleaf Forest    0     -       -         -       -         - 

3. Deciduous Needleleaf Forest    0     -       -         -       -         - 

4. Deciduous Broadleaf Forest   17   0.14     0.61     0.41    0.19     0.16  

5. Mixed Forest        654   0.35     0.44     0.36   0.03     0.65  

6. Closed Shrublands        16   0.02     0.49     0.19   -0.09    0.05  

7. Open Shrublands      11,402  0.78     0.06     0.26    0.00     0.70  

8. Woody Savannas        22   0.66     0.34     0.27    0.17     0.74  

9. Savannas             19   0.23     0.33     0.38   -0.10    0.62  

10. Grasslands        29,637   0.67     0.07     0.23   -0.01    0.77  

11. Permanent Wetlands       0     -       -         -       -       - 

12. Croplands          7,600   0.64     0.27     0.50    0.00     0.70  

13. Urban              139   0.70     0.19     0.43   -0.05    0.72  

14. Cropland/Mosaic         14   0.36     0.29     0.50   -0.20    0.77  

15. Snow and Ice            0     -       -         -       -       - 

16. Barren         105,525   0.56     0.13     0.29    0.00     0.75  

17. Water Bodies             866   0.67     0.48     0.82   -0.11    0.82 

Mean              (155,922)a   0.63     0.12     0.30    0.00     0.77 

a: The value represents the total number. 
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Figure 18. Histogram of the AOT at 550 nm between MODIS retrievals and 

ANN model results for all IGBP surface types for the March-May 2007 

period. 
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Figure 19. IGBP surface types and histograms of the AOT at 550 nm between 

MODIS retrievals and ANN model results for six major IGBP surface 
types for the March-May 2007 period. 
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4.3. Nighttime AOT validation 

 

 Since nighttime AOTs are not available from VIS measurements, we use 

CALIPSO lidar level 2 aerosol layer products for the validation of the ANN 

model results during the nighttime. In this validation, the horizontal resolution of 

the CALIPSO AOT was set to 0.2 degrees to match up with the ANN AOT. 

However, since the CALIPSO data are taken only along the satellite track, the 

0.2 degree average implies a horizontal average along the satellite track. Cloud 

contamination was excluded by using only the pixels whose cloud optical 

thickness is zero. Before the nighttime validation, the daytime CALIPSO and 

MODIS AOTs were compared, as shown in Figure 20a, in order to provide the 

basis for validation of the ANN and CALIPSO AOTs. The estimated retrieval 

error of MODIS aerosol products are known to be Δτ = ±0.03 ±5% over the 

ocean and Δτ = ±0.05 ±15% over the land (Remer et al. 2005). However, over 

the land, instead of the MODIS standard product of “dark-target” approach 

(Kaufman et al. 1997), we used the “Deepblue” product (Hsu et al. 2004) 

claimed to be in better agreement with ground-based observations (Ge et al. 

2010). Meanwhile, CALIPSO AOT shows a systematic underestimation 

compared with MODIS AOT (Royer et al. 2010; Kacenelenbogen et al. 2011; 

Yumimoto et al. 2008). Furthermore, a recent comparison study indicates that 
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differences between CALIPSO and MODIS AOTs over land are larger than over 

ocean. However, the bias in AOTs between the two sensors is within the 

uncertainty level only on a regional-seasonal basis even for ocean cases (Kittaka 

et al. 2011). And these differences are mainly due to the limitation of the 

CALIPSO retrieval algorithm (Kittaka et al. 2011). 

The comparison between daytime MODIS AOT and CALIPSO AOT 

reflects the complexity of interpreting the CALIPSO-derived AOTs (Figure 20a). 

Considering that comparison is made on the pixel basis and that CALIPSO AOTs 

are comparable to MODIS AOTs on the seasonal-regional basis (Kittaka et al. 

2011), the considerably scattered pattern with coefficient of 0.16 shown in Figure 

20a is not surprising. Nonetheless, the comparison of pixel-based ANN AOTs 

with CALIPSO pixels shows a somewhat similar performance (Figure 20b), with 

a correlation coefficient of 0.32 – but only for the dust pixels based on the use of 

D*-parameter.   

 Nighttime comparison of ANN-based AOTs is made again with 

CALIPSO measurements (Figure 21). It shows a very scattered pattern and 

substantial overestimate of AOT by the ANN method during the nighttime. 

Although the statistics indicates that ANN AOTs and CALIPSO AOTs are not in 

a correlated relationship, it is notable to observe that the nighttime ANN AOT 

(Figure 21) is quite similar to the daytime scattered pattern between MODIS 
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AOT and CALIPSO AOT (Figure 20a). However, again considering the different 

quantities existing between MODIS and CALIPSO-derived AOT, further 

research should be conducted with a longer data set to draw a firm conclusion 

about the performance of the ANN method to retrieve the nighttime AOTs.  
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Figure 20. Scatter plots between (a) MODIS AOT at 550 nm and CALIPSO AOT 

at 532 nm, and (b) between ANN AOT at 550 nm and CALIPSO AOT 

at 532 nm for the daytime. 
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Figure 21. Scatter plot between ANN AOT at 550 nm and CALIPSO AOT at 532 

nm for night time. 
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5. Impact of ANN AOT data assimilation on dust model 

 

5.1. Model description 

 

5.1.1 Meteorological model 

The meteorological field data used in this study were obtained from the 

operational meteorological model outputs of the Regional Data Assimilation and 

Prediction System (RDAPS) at the KMA. These data are based on the MM5 

version 3 that uses the x, y, and σ coordinate with a horizontal resolution of 30 

km and 33 vertical layers up to the 50 hPa level (Grell et al., 1994; Duhdia et al., 

2001). Since dust is emitted and transported from the surface, only 25 vertical 

layers from the surface were used in this study. 

RDAPS involves non-hydrostatic primitive physical equations of 

momentum, thermodynamics and moisture with physical processes including the 

Kain-Fritsch scheme for convective parameterization, the mixed-phase scheme 

for a moisture explicit scheme, the nonlocal boundary layer scheme for the 

planetary boundary layer processes, and the cloud-cooling scheme for radiation. 
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5.1.2 Asian Dust Aerosol Model (ADAM) 

The Asian Dust Aerosol Model (ADAM) developed for forecasting the 

Asian dust evolution over East Asia (Park and In, 2003; Park and Lee, 2004), is 

used in this study. ADAM is an Eulerian dust transport model which includes 

physical processes such as three dimensional advection, diffusion, dry and wet 

deposition as well as dust emission from the source regions. Dust emission was 

parameterized on the basis of a statistical method to describe dust source regions 

and meteorological threshold conditions, using the World Meteorological 

Organization’s 3-hourly synoptic reporting data for seven years from 1996-2002 

in the source region (Park and In, 2003; Lee and Park, 2005). The Asian dust 

source regions are classified into four types of soil (i.e., gobi, sand, loess and 

mixed soils). Figure 22 shows the source regions and the soil classification 

employed by the ADAM model.  

Dust emission flux under the satisfied meteorological conditions is 

proportional to the fourth power of the friction velocity with modification of the 

land use types in each source–grid region. The ADAM model uses 11 size bins 

with the same logarithm intervals for particles of 0.1–37μm in radius. The 

estimation of dust emission amounts used in the ADAM model is given as: 

  = (1 − ∑ ) ×  × ∗						if			∗ 	≥ ∗                 (12) 
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where Fa is the dust flux from the surface (g cm-2 s-1), u∗ the friction velocity, u∗t 

the threshold friction velocity, fi the fractional coverage of vegetation type i in 

the dust-source grid and Ri is the reduction factor of vegetation type i, which is 

derived from the Advanced Very High-resolution Radiometer (AVHRR) in the 

source region, and α is a constant that is determined by the soil types in the 

source region. 

The suspended particle size distribution was parameterized using the log-

normal distributions of soil particle-size distribution bins in the source regions 

based on the concept of the minimally and fully dispersed particle-size 

distribution (Park and Lee, 2004). The ADAM as an operational model to 

forecast dust events in the Korea Meteorological Administration (KMA) has 

been used mainly to forecast dust events over the Republic of Korea during the 

spring season, when the frequency of observed Asian dust events in the Republic 

of Korea is generally high. The detailed description of the ADAM is presented in 

Park and In (2003) and Park and Lee (2004). 
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Figure 22. The model domain and Asian dust source regions (++ Gobi, ◆◆ Sand, 

●● Loess and  ■■ Mixed).  
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5.2. Dust data assimilation 

 

5.2.1 Optimal Interpolation 

Data assimilation with optimal interpolation (OI) has been used in several 

studies (Collins et al., 2001; Yu et al., 2003; Adhikary et al., 2008; Chung et al., 

2010; Park et al., 2011). We implemented an OI technique similar to the 

methodology as described by Collins et al. (2001) for assimilating Indian Ocean 

Experiment (INDOEX) aerosols using their Model of Atmospheric Transport and 

Chemistry (MATCH) model. The assimilated AOT products by the OI (τ’m) are 

defined as follows: 

 

)('
momm HK tttt -+=

       
                (13) 

 

where τo and τm are the MODIS-retrieved and ADAM-simulated AOTs, 

respectively. H denotes the linear operator for interpolation from the model grid 

to the location of the observations, and K is the Kalman gain matrix (or Kalman 

filter). Here, K is based on two main assumptions: (1) the errors have a Gaussian 

distribution and (2) the errors in the modeled and observed data are not 

correlated to each other. The K matrix is calculated based on the background and 
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observation error covariance matrices and is defined by Eq. (14): 

        
1)( -+= OHBHBHK TT                        (14) 

 

where B and O are the error covariance matrices of background and the 

observation fields, respectively, and are defined with several free parameters: 
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where fm, εm, dx, dz, Imx, and Imz in Eq. (15) denote the fractional error coefficient, 

minimum error coefficient, horizontal resolution (30 km in this study), vertical 

resolution, horizontal correlation length for errors and vertical correlation length 

for errors in the modeled AOT(τ), respectively, and fo, εo and I in Eq. (16) denote 

the fractional error coefficient, minimum error coefficient in the observed 

AOT(τ), and a unit matrix, respectively. The Kalman filter is a function of the six 

free parameters, as well as the ADAM-simulated and MODIS-retrieved AOTs. 

Consequently, the efficiency of the OI depends on the correct determination of 

the free parameters, since ADAM simulated and MODIS-retrieved AOTs are 
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unchangeable. 

 

5.2.2 Experiment design 

Two Asian dust cases were simulated by ADAM for the period of 5 – 9 

April 2006 (CASE 1) and 14 – 18 March 2009 (CASE 2), and the brief synoptic 

features of these cases will be discussed in the next section. At first a control 

simulation without any data assimilation was performed (CTL). Then, to 

examine the effect of data assimilation, two experiments were performed with 

different assimilation conditions. First, the OI data assimilation system was 

applied to the ADAM simulation at 00 UTC on each CASE with MODIS/Terra 

AOT to see the effect of 24 hourly data assimilation with only daytime AOT 

(DA1). In the second assimilation experiment, both day- and nighttime AOT 

retrieval data were assimilated to the simulation at 00 and 12 UTC on each 

CASE with MODIS/Terra AOT and ANN AOT, respectively (DA2).  

The three dimensional mass concentration fields of each size bin are 

determined from its relative fraction of the background field. Then dust AOT can 

be calculated theoretically by integrating the aerosol extinction efficiency (Qext) 

and number size distribution (N) with respect to particle radius (r) and altitude 

(z), as shown in Eq. (17). 
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In Eq. (17) we assumed dust aerosols have spherical shape and homogeneous 

density with 2.6 g cm-3. For data assimilation, we assumed that nighttime AOT 

has same observation error field as daytime AOT used in Collins et al (2001). 

Finally, the results were validated through comparing the AOT simulations by 

ADAM with AOT observations from remotely sensed by MODIS and ground-

based skyradiometer. 

 

5.2.3 Synoptic features of the two dust cases 

 

5.2.3.1 CASE 1 (5-9 April 2006) 

 

Figure 23 shows the dust weather charts from 6 – 9 April 2006. A surface 

low-pressure system was located to the east of Mongolia with a strong east-west 

surface pressure gradient to the west of the system on 6 April. Strong northerly 

winds exceeding 10 m s-1 prevailed in the west and southwest of the low-

pressure system (Figure 23a). This low-pressure system gradually moved 

eastward with intensification to locate 110°E and 45°N at 12 UTC 6 April 
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(Figure 23b). This strong surface pressure gradient to the west of the low-

pressure center provided favorable conditions for the dust-rise. As a result, a lot 

of dust observations were reported over the east of Mongolia and the Inner-

Mongolia region. As the low-pressure system stayed to move southeastward to 

locate at North Korea with relaxed intensity at 12 UTC 7 April (Figure 23c), 

suspended dust were reported over the west of North Korea. At 00 UTC 8 April, 

dust was reported over throughout the Korean peninsula reaching to the west 

coast of Japan (Figures 23d and 23e). This severe dust event continued for about 

48 hours in South Korea and was over as it moved on to Japan (Figure 23f). 

Figure 24 shows the temporal variation of hourly PM10 (Particles less 

than 10.0 μm in diameter) concentration of dust observed at the Baengnyeongdo, 

Gwanaksan (in Seoul), Anmyeon, and Gosan sites in South Korea during the 

dust case. The observed PM10 concentration was less than about 100 μg m-3 

before the dust event. Concentration at Baengnyeongdo started to increase due to 

the arrival of long-range transported dust as shown in Figure 23c on 7 April, 

reaching 400 μg m-3, which is a threshold value for the announcement of an 

Asian dust advisory by the KMA. Soon afterwards, a PM10 increase appeared 

from Seoul, Anmyeon, and Gosan, in that order. The maximum dust 

concentration was about 2,000 μg m-3 on 8 April except the Gosan site, which is 

located at the south end of South Korea. It is interesting that the PM10 
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concentration at Baengnyeongdo suddenly dropped for a few hours on 8 April, 

which made it difficult to forecast dust properly at that time.  
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(a) 06 UTC 6 April 2006 

 

(d) 00 UTC 8 April 2006 

 
(b) 12 UTC 6 April 2006 

 

(e) 12 UTC 8 April 2006 

 
(c) 12 UTC 7 April 2006 

 

(f) 12 UTC 9 April 2006 

 
Figure 23. Surface weather charts with locations of dust reports denoted by red 

circles for the period from 6 – 9 April 2006. 
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Figure 24. Temporal variations of the PM10 concentration observed at four sites 

in Korea for the period of 6 – 10 April 2006. 
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5.2.3.2 CASE 2 (14-18 March 2009) 

 

The dust event observed during the 14-18 March 2009 period over the 

East Asian region is displayed using the dust weather charts (Figure 25). To see 

more clearly the evolutionary feature of the dust event, the MODIS true color 

composites are presented in Figure 26. Owing to a strong surface pressure 

gradient, a lot of dust rising observations over southern Mongolia region were 

reported at daytime on 14 March (Figure 25a, 26a). The low-pressure system 

gradually moved southward to locate the Whang-To plateau at 00 UTC 15 March 

(Figure 25b). In Figure 26b, dust band was captured more clearly from the 

Beijing region to the Bohai Sea on 04:42 UTC 15 March. After about one day 

(00:00 – 02:04 UTC 16 March), dust reports and dust-covered area in the visible 

image were found over east China, the Yellow Sea, and over the Korean 

peninsula (Figure 25c, 26c). From nighttime on the same day (12 UTC 16 March) 

to the next daytime (00 UTC 17 March), several dust reports were shown in dust 

weather chart even to the Japanese islands (Figure 25d, 25e). After that, dust 

signal on satellite image became weaken at 04:30 UTC 17 March (Figure 26d), 

and finally, all dust reports over the Korean peninsula disappeared at 00 UTC 18 

March (Figure 25f). 
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Surface PM10 concentrations show a similar trend with the synoptic 

situation as described above. Figure 27 shows the temporal variation of hourly 

PM10 concentration at the Baengnyeongdo, Gwanaksan, Anmyeon, and Gosan 

sites in South Korea for the CASE 2. At Baengnyeongdo, sudden peak reaching 

about 500 μg m-3 was occurred in the early morning on 16 March. Following that 

the PM10 concentration at Sokcho increased rapidly up to 539 μg m-3. Until 

midnight on 17 March, PM10 at 4 sites maintained high concentration greater 

than 200 μg m-3, and decreased sharply to less than 100 μg m-3 on 18 March. 

  



 

84 

 

(a) 06 UTC 14 March 2009 

 

(d) 12 UTC 16 March 2009 

 
(b) 00 UTC 15 March 2009 

 

(e) 00 UTC 17 March 2009 

 
(c) 00 UTC 16 March 2009 

 

(f) 00 UTC 18 March 2009 

 
Figure 25. Surface weather charts with locations of dust reports denoted by red 

circles for the period from 14 – 18 March 2009.  
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(a) 05:38 UTC 14 March 2009 

 

(c) 02:04 UTC 16 March 2009 

 
(b) 04:42 UTC 15 March 2009 

 

(d) 04:30 UTC 17 March 2009 

 
 

Figure 26. MODIS true color images of dust storm outbreak on the Korean 

peninsula on 14 – 17 March 2009. 
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Figure 27. Temporal variations of the PM10 concentration observed at four sites 

in Korea for the period of 15-19 March 2009. 
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5.3. Results of the assimilation 

 

Figure 28 shows evolutionary feature of AOT at 12 UTC 7 April and 00 

UTC 8 April in CASE 1 simulated by ADAM CTL, DA1, and DA2, respectively. 

CTL simulation shows relatively strong dust bands around 1.5 of AOT appeared 

to be over the Manchuria, the Shandong peninsula, and the south and east of the 

Korean peninsula at 12 UTC 7 April 2006 (Figure 28a). After 12 hours (00 UTC 

8 April 2006), these dust bands extended to the southeastward. Especially, dust 

band over the Manchuria moved to the east of the Korean peninsula (Figure 28d). 

In the DA1 assimilation result, dust AOT over the Manchuria at 12 UTC 7 April 

2006 is slightly higher compared to the CTL run by assimilating with MODIS 

observation field before 12 hours at 00 UTC 7 April 2006 (Figure 29a). On 00 

UTC 8 April 2006, it is found that strong dust band extended from the Shandong 

peninsula in China to the Korean peninsula with AOT greater than 2.0, showing 

a strong dependency to the assimilated MODIS observation field at 00 UTC 8 

April 2006 (Figure 28e, 29c). In the DA2 assimilation result, dust region in the 

Manchuria region is wider than the DA1 result since it is directly affected by 

assimilation with the nighttime ANN AOT at 12 UTC 7 April 2006 (Figure 14b, 

28c). In addition, AOTs in the Bohai Sea and the Korean peninsula increased by 

assimilating with the nighttime ANN AOT. Like a DA1, these dust regions 
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moved eastward over the next 12 hours and dust band area extending from the 

Shandong peninsula to the east of Korea are then under strong dust conditions on 

00 UTC 8 April 2006 (Figure 28f). 

To validate the effect of data assimilation, 24 hours-forecasting field (00 

UTC 9 April 2006) started from 00 UTC 8 April 2006 was compared with 

daytime MODIS/Terra AOT observation on the same day for each experiment 

(Figure 30). Although high AOT greater than 2.0 region is found at Bohai Sea in 

MODIS image (Figure 30a), CTL simulation shows very weak AOT lower than 

1.0 (Figure 30b). When compared with CTL simulation, DA1 assimilation result 

shows relatively high AOT. However DA2 assimilation shows much higher than 

CTL and DA1. Besides, it can be inferred that dust presence is evident from 

MODIS true color image (not shown), over the area from Korea to Japanese 

Islands with AOT about 1.0-1.5 (Figure 30a). It is again noticeable that DA2 

assimilation gives the closest result than others. 

To examine how the assimilation results match with ground-based AOT 

observations, skyradiometer data at four sites of KSNET (Korean Skyradiometer 

NETwork) are also analyze. The geographical location  (Figure 31). Ground-

based skyradiometer AOT retrievals are available only at daytime without 

cloudness condition. However, it is chosen for verification in this work since this 

is well established to measure accurate AOT and independent from assimilation 
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results. All KSNET data used in this study are cloud-screened by performing the 

cloud screening method developed by Song et al. (2012). In CASE 1 period, 

skyradiometer observation was conducted at only two sites (i.e. Seoul and 

Gosan). In spite of a lack of observation data number in Seoul due to the cloud 

screeining, it can be found DA2 is a best fit to observation than CTL and DA1 

simulations. In Gosan site, observed data followed CTL simulation result at early 

7 April. However, the observed data approached DA1 and DA2 eventually 

(Figure 32). 

Another assimilation test was carried out on the CASE 2. Figure 33 

shows evolutionary feature of AOT at 12 UTC 15 March and 00 UTC 16 March 

in CASE 2 simulated by ADAM CTL, DA1, and DA2, respectively. In CTL and 

DA1 run, a dust area located at Whang-To plateau where AOT up to 2.5 is noted. 

However, in the DA2 assimilation result, it is found that dust located at that 

region is much weaker compared with the other simulations (CTL and DA1), 

showing a dependency to the assimilated observation field shown in Figure 34b. 

On the other hand, most of the Bohai Sea in the DA2 is then under heavy dust 

conditions (Figure 33c). After 12 hours (00 UTC 16 March), the DA1 and DA2 

assimilation results show high AOT values located over the Yellow Sea and East 

Sea (Figure 33e, 33f), consistent with the MODIS-derived AOT distribution 

(Figure 34c). In Figure 33d, however, the CTL result shows underestimated 
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signature over the East Sea compared with the MODIS/Terra AOT (Figure 34c).  

Figure 35 shows 5 hours-forecasting field (05 UTC 16 March) started from 00 

UTC 16 March was compared with MODIS/Aqua image. Because Aqua 

overpass time over the Korean peninsula on that day was around 05 UTC (0350, 

0530 UTC), simulation results at 05 UTC 16 March were compared. Although 

the time duration is short as 5 hours, it is obvious that the DA2 data assimilation 

improves ADAM dust forecasting the most. 

For validation of the effect of such data assimilation, modeled AOTs were 

compared with observed AOT from ground-based skyradiometer network. The 

results for 4 sites are given in Figure 36. On 15 March, all simulated AOTs are 

well coincident with the observed AOT at Gosan site. AOTs observed at Seoul, 

Yongin, and Gongju are rapidly increased, resulting a time lag about half day 

compared with the CTL AOTs. Despite, DA1 and DA2 assimilation results 

increased in early time, so that the time lag is reduced. On 16 March, sometimes 

high AOT observation occurred against the simulated AOTs. Even in such a case, 

DA2 assimilation result is slightly enhanced to the observed value. On 17 March, 

CTL simulation shows strong overestimation, on the other hand, DA1 and DA2 

results show weakened AOTs in accordance with the observation. Overall, the 

comparison with MODIS and ground-based AOT show that data assimilation 

results (DA1, DA2) using AOT field can improve the dust forecasting 
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performance. Further, it is obvious that the DA2 data assimilation using day- and 

nighttime AOT improves ADAM dust forecasting the most. 
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    (a)     (d) 

    (b)     (e) 

    (c)     (f) 

 

Figure 28. AOT at 12 UTC 7 April and 00 UTC 8 April 2006 simulated by 

ADAM using CTL (a, d), DA1 (b, e), and DA2 (c, f). 
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(a) 

 

 
(b) 

 

 
(c) 

 

 

Figure 29. MODIS and ANN AOT composites used for assimilation: (a) from 
MODIS/Terra in the daytime on 7 April, (b) from ANN model at 
nighttime on 7 April, and (c) from MODIS/Terra in the daytime on 8 
April 2006.  
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(a) (c) 

(b) (d) 

 

 

Figure 30. (a) Daytime AOT retrieval from MODIS/Terra on 9 April 2006 and 

AOT at 00 UTC 9 April 2006 simulated by ADAM using (b) CTL, (c) 

DA1, (d) DA2. These simulation results are 24 hours-forecasting AOTs 

from at 00 UTC 8 April 2006. 
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Figure 31. Gegraphical loations of four skyradiometer sites (Seoul, Yongin, 

Gongju, and Gosan) in Korean skyradiometer networks (KSNET). 
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Figure 32. Time series of AOTs simulated by ADAM using CTL (blue line), DA1 

(dark-green line), and DA2 (red line) at Seoul and Gosan sites on 6-9 

April 2006. Ground-based observation results for each site are also 

given by dots. 

  



 

97 

 

(a) (d) 
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Figure 33. AOT at 12 UTC 15 March and 00 UTC 16 March 2009 simulated by 
ADAM using CTL (a, d), DA1 (b, e), and DA2 (c, f). 
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Figure 34. MODIS and ANN AOT composites used for assimilation: (a) from 
MODIS/Terra in the daytime on 15 March, (b) from ANN model at 
nighttime on 15 March, and (c) from MODIS/Terra in the daytime on 
16 March 2009.  
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Figure 35. (a) Daytime AOT retrieval from MODIS/Aqua on 16 March 2009 and 

AOT at 05 UTC 16 March 2009 simulated by ADAM using (b) CTL, 

(c) DA1, (d) DA2. These simulation results are 5 hours-forecasting 

AOTs from at 00 UTC 16 March 2009. 
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Figure 36. Time series of AOTs simulated by ADAM using CTL (blue line), DA1 

(dark-green line), and DA2 (red line) at Seoul, Yongin, Gongju and 
Gosan sites on 15-18 March 2009. Ground-based observation results 
for each site are also given by dots. 
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6. Summary and conclusions 

 

Nighttime AOTs equivalent to daytime quantities derived from satellites 

are very useful for better depiction of dust movement and thus better dust 

monitoring and prediction. In this study, an IR-based ANN model was 

constructed and applied to the East Asian region to derive nighttime AOT. 

MODIS IR BTs, BT differences between split window channels (i.e. BT11μm – 

BT12μm), ASTER-based surface emissivity, satellite viewing angle, and 

topography were used as inputs to the ANN model and were related to the 

MODIS AOTs at 550 nm during the daytime using an ANN approach. The 

developed method was then applied to obtain the MODIS-equivalent nighttime 

AOT, which should have considerable benefits for interpreting the transport 

route and intensity of dust plumes. 

To assess the performance of the ANN model, daytime ANN-produced 

AOT was compared with MODIS AOT for the spring of 2007, independent from 

its training period (i.e., the spring of 2006). The regression result indicates that 

ANN-produced AOTs are statistically comparable to MODIS AOT 

measurements although a general underestimate is evident. The regression slope, 

intercept value, and correlation coefficient are 0.63, 0.12, and 0.77, respectively. 
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Furthermore, underestimates by the ANN method and associated statistics appear 

to be dependent upon the surface types, suggesting that more accurate 

description of surface emissivity in grid scale over the entire IR spectral range 

may result in better agreement. However, from the fact that IR BTs are sensitive 

mainly to the dusts while VIS-based AOTs are also sensitive to most aerosols, 

the underestimation of AOTs by the IR-based ANN method in nature may be 

unavoidable. 

On the other hand, the used CALIPSO-based AOTs appeared not to be 

enough for validating the ANN method during the nighttime as the CALIPSO 

AOT has a much different quantity from the MODIS AOT, and the developed 

ANN method was trained against MODIS measurements. However, if the dust 

impact on IR BTs obtained during the daytime is assumed to hold its validity 

during the nighttime, a similar ANN performance as that shown in the daytime 

can be expected to occur at night. Overall this study demonstrated that the ANN 

model could produce MODIS-like AOT retrievals during the nighttime from 

which dust monitoring can be effectively done with better information on the 

dust distribution and intensity. 

The day- and nighttime AOT is expected to contribute to the current dust 

data assimilation, reducing the time intervals (from 24 hours to 12 hours), and 

thereby enabling better dust prediction. Therefore, we demonstrated the 
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effectiveness of the nighttime AOTs on the data assimilation system of ADAM 

for the major dust cases on 5 – 9 April 2006 and 14 – 18 March 2009. It is 

obvious that the data assimilation using dust AOT improves ADAM. Moreover, 

the case of using both day- and nighttime AOT is much improved than using 

daytime AOT only. The day- and nighttime AOT’s effect on data assimilation is 

validated through a comparison with MODIS-derived AOT and ground-based 

skyradiometer network (KSNET) observation result. From these validations, the 

AOT simulated from day- and nighttime AOT provides the best solution to the 

observed AOT. 

This study showed that the ANN model has good potential for nighttime 

AOT retrieval. However, more sophisticated input data and neural network 

examinations are still needed to produce better results using IR bands. The 

uncertainty inherent in nighttime AOT may come from surface temperature 

estimations, since the algorithms used in this study were conceived only for 

aerosol-absent pixels. The estimation scheme of surface temperature for aerosol-

loaded pixels is a topic for further study. For more confident selection of dust 

pixels, the D*-parameter, initially developed for the Cape Verde Islands, Niger, 

and West Africa (Hansell et al., 2007), should be optimized for the East Asian 

region. The uncertainty may also be due to the fixed IGBP land cover map, 

which cannot keep up with monthly vegetation changes. Furthermore, if enough 
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CALIPSO data is accumulated to construct ANN models, MODIS IR BTs could 

be trained directly with nighttime CALIPSO AOT. Finally, it should be ideal if 

reliable data such as actively measured CALIPSO AOTs are used for the data 

assimilation. However, the issue of accuracy versus spatial coverage or 

frequency is still for debate and more studies should be conducted before 

conclusions are drawn. 
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Appendix A: Backpropagation algorithm 

 

This idea was first described by Werbos (1974) and popularised by 

Rumelhart et al. (1986). The algorithm derivation below can be found in Brierley 

and Batty (1999). 

 

Consider the network below, with one layer of hidden neurons and one 

output neuron (Figure A1). When an input vector is propagated through the 

network, for the current set of weights there is an output Pred. The objective of 

supervised training is to adjust the weights so that the difference between the 

network output Pred and the required output Req is reduced. This requires an 

algorithm that reduces the absolute error, which is the same as reducing the 

squared error, where: 

 

Network Error = Pred – Req = E                    (A1) 

 

The algorithm should adjust the weights such that E2 is minimised. Back-

propagation is such an algorithm that performs a gradient descent minimisation 

of E2. In order to minimise E2, its sensitivity to each of the weights must be 

calculated. In other words, we need to know what effect changing each of the 



 

 

weights will have on E2

direction that reduces the absolute error. The notation for the following 

description of the back-

 

Figure A1. 

 

 

Figure A2. 

117 

2. If this is known then the weights can be adjusted in the 

direction that reduces the absolute error. The notation for the following 

-propagation rule is based on Figure A2. 

Figure A1. Architecture of the multilayer perceptron. 

Figure A2. Notation used in this appendix. 

. If this is known then the weights can be adjusted in the 

direction that reduces the absolute error. The notation for the following 
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The dashed line represents a neuron B, which can be either a hidden or 

the output neuron. The outputs of n neurons (O 1 ...O n ) in the preceding layer 

provide the inputs to neuron B. If neuron B is in the hidden layer then this is 

simply the input vector. These outputs are multiplied by the respective weights 

(W1B...WnB), where WnB is the weight connecting neuron n to neuron B. The 

summation function adds together all these products to provide the input, IB, that 

is processed by the activation function  f (.) of neuron B.  f (IB) is the output, OB, 

of neuron B. For the purpose of this illustration, let neuron 1 be called neuron A 

and then consider the weight WAB connecting the two neurons. 

 

The approximation used for the weight change is given by the delta rule:  

 W()=W( )	-  η                    (A2) 

 

where η is the learning rate parameter, which determines the rate of learning, 

and 
 is the sensitivity of the error, E2, to the weight WAB and determines 

the direction of search in weight space for the new weight WAB(new) as illustrated 

in the Figure A3.  



 

 

 

Figure A3 An illustration of principle for minimising E2 using delta rule which 

gives the direction of weight change

 

From the chain rule,

  =     

 

and  

  =	  ∑ 
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An illustration of principle for minimising E2 using delta rule which 

gives the direction of weight change. 

From the chain rule, 

                      

 =	 () + ∑  =	O   

 

An illustration of principle for minimising E2 using delta rule which 

   (A3) 

    (A4) 
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since the rest of the inputs to neuron B have no dependency on the weight WAB. 

Thus from Eq. (A3) and (A4), Eq. (A2) becomes,  

 ()=( )	-  η  	                            (A5) 

 

and the weight change of WAB depends on the sensitivity of the squared error, E2, 

to the input, IB, of unit B and on the input signal OA. 

 

There are two possible situations: 

 

1. B is the output neuron; 

2. B is a hidden neuron. 

 

Considering the first case: 

 

Since B is the output neuron, the change in the squared error due to an 

adjustment of WAB is simply the change in the squared error of the output of B:  
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 E = ∂(Pred − Req) 

 = 2(Pred − Req)  = 2E () = 2 ′()      (A6) 

 

combining Eq. (A5) with (A6) we get,  

 W()=W( )	-  ηO2Ef'	(I)                       (A7) 

 

the rule for modifying the weights when neuron B is an output neuron. 

 

If the output activation function, f (.), is the logistic function then:  

 ()	=  = (1 + e)                                (A8) 

 

differentiating (A8) by its argument x;  

  ′()	= − (1 + e) − (e) = ()                   (A9) 
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But,  ()	=  													⇒ 							 e =	 (())() 		              (A10) 

 

inserting (A10) into (A9) gives:  

 ()	=	 ()() () = 	()ⅹ(1 − ())           (A11) 

 

similarly for the tanh function,  

  ′()	=	(1 − ()) 
 

or for the linear (identity) function,  

  ′()	=	1 

 

This gives:  W()=W( )	-  ηO	2E	O(1	-	O)    :logistic 
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W()=W( )	-  ηO	2E	(1	-	O)     :tanh W()=W( )	-  ηO	2E               :linear 

Considering the second case:  

 

B is a hidden neuron.  

  =                                          (A12) 

 

where the subscript, o, represents the output neuron.  

  =	 () = ()  

 =	 ∑                                         (A13) 

 

where p is an index that ranges over all the neurons including neuron B that 

provide input signals to the output neuron. Expanding the right hand side of 

equation (A13),  

	∑  =	  +	∑   =	               (A14) 
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since the weights of the other neurons ,WpO (p!=B) have no dependency on OB. 

Inserting (A13) and (A14) into (A12),  

  =	  W()                                 (A15) 

 

Thus E I⁄  is now expressed as a function of E I⁄ , calculated 

as in (A6). The complete rule for modifying the weight WAB between a neuron A 

sending a signal to a neuron B is,  

 W()=W( )	-  η	 	O                        (A16) 

 

where,  

  = 	2E	′()              - IB is the output neuron 

 =	  	W	′()        - IB is a hidden neuron 

 

where fo(.) and fh(.)are the output and hidden activation functions respectively.  
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Appendix B: The best weights for calculation of ANN 

AOT in this study 

 

We trained the ANN model for calculation of AOT and found the best weights 

were when the RMSE is at a minimum. The best weights between input (17 

inputs and a bias) and hidden (10 neurons and a bias) layers are listed in Table 

B1. The best weights between hidden (10 neurons and a bias) and output (a 

neuron) layers are listed in Table B2. For the normalization of input data between 

-1 to 1, we suggest the maximum and minimum inputs during the best training in 

Table B3. Lastly, the maximum and minimum outputs are suggested in Table B4.  
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Table B1. The best weights between input and hidden layers 

 WH01 WH02 WH03 WH04 WH05 WH06 WH07 WH08 WH09 WH10 Bias 

WI01 1.8717  1.9221  -0.0046  -2.7934  -0.2316  1.2637  -1.2135  -1.2897  1.5843  0.0250  0.1864  

WI02 0.0572  -0.0499  -0.1520  -0.2311  -0.1916  2.7314  2.9793  0.2978  -0.6306  -1.8192  0.8967  

WI03 0.1179  -1.1220  0.6055  1.3291  -2.0140  0.1187  0.0829  -0.0742  0.0158  0.1820  -0.1859  

WI04 -0.6090  -1.1862  -0.3393  -0.0180  0.5535  0.4200  -0.2080  0.2230  0.5183  -0.2386  -0.5147  

WI05 0.4725  0.0027  -0.0659  0.1176  0.0925  0.0546  0.0802  0.4323  1.6725  -0.9590  0.1755  

WI06 1.1471  -0.7910  -1.8518  -0.9977  2.6016  -0.2401  -1.1406  0.8687  0.1888  -0.1942  0.2262  

WI07 0.0572  -0.0010  -0.3472  -0.4223  0.6667  0.7323  -1.1779  0.6030  0.5058  -1.4074  -1.6169  

WI08 1.6065  -0.1396  -1.2010  -1.3695  -0.1612  0.1906  -0.0899  0.1818  -0.0811  0.3863  -0.8239  

WI09 0.2516  -2.2069  -2.5865  0.7692  0.9115  -1.1652  0.2198  2.2965  1.3759  0.1063  -0.9136  

WI10 0.0814  0.2875  0.5295  0.0057  -0.1154  -0.4817  -0.8050  0.4845  -2.2405  0.7985  -0.0912  

WI11 0.3990  0.5238  0.4495  -0.1868  0.1025  0.2139  0.2259  -0.6632  -0.6222  -0.1207  -0.4922  

WI12 -0.5519  0.3772  -1.0080  0.0501  0.6239  -0.8639  0.8356  0.6983  -0.6749  0.4427  1.0364  

WI13 -0.3657  -1.2691  0.9366  0.1792  0.2687  0.1932  0.0382  -0.0664  -0.2897  -0.0009  -2.7706  

WI14 -0.9845  -0.4863  1.8560  2.3706  -1.1351  -0.0397  1.9045  0.3943  -0.5305  0.3792  0.1387  

WI15 -0.5109  0.5404  0.4153  0.3683  1.2533  0.4261  0.7652  0.1773  -2.3848  -2.9948  -1.3569  

WI16 2.1164  -0.4712  -0.6410  1.3699  1.6863  -0.7930  0.0799  1.2138  0.0394  -0.0666  -0.1386  

WI17 -1.5145  -0.3007  0.2848  -1.0760  0.0423  -0.0655  -0.0774  0.0893  0.0395  -0.0788  -0.0291  

Bias -0.0431  -0.0145  0.0795  0.0801  -0.0849  0.0503  -0.0092  -0.0830  0.0816  -0.0920  -0.0074  
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Table B2. The best weights between hidden and output layers 

 WH01 WH02 WH03 WH04 WH05 WH06 WH07 WH08 WH09 WH10 Bias 

WO01 -0.5473  0.2314  -0.2149  -0.1959  -0.0990  -0.2261  -0.0463  -0.1886  -0.1241  0.3283  0.2004  
 

Table B3. The maximum and minimum inputs during training in this study 

 I01 I02 I03 I04 I05 I06 I07 I08 I09 I10 I11 I12 I13 I14 I15 I16 I17 I18 

Max. 
inputs 

323.97  332.42  -0.50  262.52  293.39  290.82  273.11  259.29  234.32  1  1  1  1  1  1  2.39  5157  1  

Min. 
inputs 

245.37  243.49  -7.16  227.99  236.43  237.00  231.02  226.16  219.11  0.88  0.97  0.97  0.94  0.93  0.97  1  0  1  

 

Table B4. The maximum and minimum outputs during training in this study 

 Output 

Max. output 5.92 

Min. output 0.02 
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국문초록 

적외광선을 이용하여 황사의 유무 및 세기를 판단하는 다양한 적외 

황사지수들의 성능을 살펴보기 위해 2011 년의 강한 황사사례 기간(4 월 30 일 

– 5 월 1 일)에 일기도 및 위성자료를 이용하여 비교 검토하였다. 이를 통해 

적외 황사지수들은 주간과 야간에 공히 활용 가능하므로 황사의 이동양상을 

감시하기에 매우 유용함을 알 수 있었다. 그러나 육지와 해양간에 그리고 

주간과 야간 사이에 존재하는 불연속성은 차치하고라도 하나의 물리적인 

양이 아닌 정성적인 지수에 불과한 근본적인 한계를 보이고 있음도 알 수 

있었다. 따라서 이 연구에서는 적외광선과 가시광선의 장점들을 취하여 적외 

황사지수의 근본적인 한계점을 극복하고 또한 그 결과를 황사 예측모델 

개선에 활용 가능함을 보이고자 한다. 

본 연구에서는 적외채널과 가시채널의 에어러솔 특성을 연관시키기 

위해 가시채널 활용이 가능한 주간에 MODIS 에서 관측한 적외 밝기온도와 

가시채널의 에어러솔 광학두께를 인공신경망 모델을 이용하여 서로 

결합하였다. 인공신경망 모델을 이용하여 훈련할 때, 적외 밝기온도와 

가시채널의 에어러솔 광학두께 뿐 아니라 그에 상응한 지표면 특성(IGBP 

지표 타입, 지표 방출률, 고도)과 기하 정보(위성 천정각)도 입력자료로 

사용하였다. 인공 신경망 훈련을 위해 동아시아 영역(20°N-55°N, 90°E-

145°E)에서 2006년 봄철(3 – 5월)에 대하여 MODIS 자료를 이용하였다. 
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인공신경망 모델을 이용하여 산출된 에어러솔 광학두께를 검증하기 

위해 2007 년 봄철(3 – 5 월)에 대해 적외 밝기 온도로부터 가시채널의 

에어러솔 광학두께를 산출하였으며 MODIS 에서 산출된 에어러솔 광학두께와 

비교한 결과 유의한 결과를 얻었다. 전체 상관계수는 0.77 이었으며 

수면(“water bodies”) 위에서 가장 좋은 상관계수인 0.85 를 얻은 반면 

불모지(“barren”) 타입에서 0.75 로 가장 낮은 상관관계를 보였다. 적외 밝기 

온도는 야간에도 관측 가능하므로 인공신경망 모델을 이용하면 야간의 

에어러솔 광학두께 산출이 가능하다. 이를 검증하기 위해 CALIPSO 위성 

라이다 자료를 활용하였으나 상관관계는 낮았다. 그러나 주간에 MODIS 와 

CALIPSO 사이의 상관관계 자체가 낮은 것으로 알려져 있으며 인공신경망 

모델과의 결과도 이에 준하는 정도로 나타났다. 인공신경망 모델을 통해 

얻어진 야간의 에어러솔 광학두께는 그 동안 극궤도 위성의 가시채널이 

가지는 최대 단점인 시간 해상도 문제를 극복하여 황사의 이동양상을 

파악하는 데 유용할 것으로 사료된다. 더 나아가서 에어러솔 광학 두께는 

상대적인 지수에 불과한 것이 아니라 물리적인 양으로서 황사 예측모델의 

자료동화에 효과적으로 활용할 수 있게 된다. 

야간 에어러솔 광학두께가 자료동화에 기여하는 정도를 확인하기 

위해 기상청에서 현업으로 활용하고 있는 황사 예측모델(ADAM)에 

최적내삽법을 활용한 자료동화를 실시하였다. 이를 실험하기 위해 두 차례의 



 

130 

 

황사 사례(사례 1: 2006 년 4 월 5 – 9 일, 사례 2: 2009 년 3 월 14 – 18 일)를 

선택하였으며, 주간 MODIS 에어러솔 광학두께만을 활용하여 24 시간마다 

자료동화를 하는 실험(DA1)과 야간의 인공신경망을 이용한 에어러솔 

광학두께도 함께 활용하여 12 시간마다 자료동화를 하는 실험(DA2)을 동시에 

진행하였다. 각 실험의 결과를 비교하기 위해 자료동화를 실시하지 않는 

실험(CTL)도 함께 진행하였다. 각 실험으로부터 예측된 에어러솔 광학두께는 

MODIS 에어러솔 광학두께와 지상에서 관측한 스카이라디오미터 자료를 

이용하여 비교하였다. 그 결과 두 사례에서 모두 자료동화를 한 예측장(DA1, 

DA2)이 CTL 보다 관측값에 유사한 결과를 얻어 황사 예측모델의 성능을 

높인 것으로 드러났으며, 그 중에서도 DA2 가 DA1 보다 나은 결과를 

도출하였다. 따라서 인공신경망을 통해 산출된 야간 에어러솔 광학두께는 

가시채널 활용시 시간해상도를 좋게 함으로써 황사 감시에도 유용할 뿐 

아니라 황사 예측모델의 예측력 향상에도 기여하는 것으로 나타났다. 

 

주요어: 황사 에어러솔, 적외 황사지수, MODIS, 에어러솔 광학두께, 

인공 신경망, 자료동화 

학번: 2000-30908 
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최고의 카리스마를 보여 준 혜영누나께 감사의 마음을 전합니다. 학부 

졸업부터 지금까지 나와 비슷한 길을 가며 유쾌하고 힘이 되어주는 현종이형, 

어딜 가도 막중한 임무를 척척 잘 소화해 내고 베풀기 좋아하는 성찬이형, 

겉으로는 힘들어 보이지만 안으로는 강한 혜숙이누나, 실험실에서 겹치지는 

않았지만 좋은 후배님인 성희누나, 이제 졸업하셔서 취직도 하시고 좋은 

일들만 남아 있는 근혁이형, 가까이에서 매번 크고도 실질적인 도움을 

주어서 너무 고마운 은희, 미국에서 연구능력을 훌륭히 발휘하고 있는 

의석이, 이제 나처럼 드디어 졸업하게 된 쌍둥이 아빠 형욱이, 성격은 

털털한테 연구 결과는 아주 야무진 승희, 나와 비슷한 연구주제로 훌륭한 

연구결과를 내고 있는 효진이, 곧 한 아이의 엄마가 될 보라, 늘 성실하게 

연구하는 은한이, 뭘 부탁해도 프로세스가 참 빠른 환진이, 웃음 소리로 

어디에 있는지 금방 알 수 있는 현성이, 듬직하고 건강하게 주변에 활력을 

주는 영찬이, 적응하러 왔다가 학교를 적응시키는 제창이, 재색을 겸비한 

민진이, 예의 바르고 통이 큰 상무, 천만가지 이쁜 표정을 가진 아름이, 그 

외에 실험실에서 같이 있다가 지금은 아주 잘 나가는 여러 후배님들께도 

모두 감사드립니다. 그리고 함께 기도하며 고민을 나누고 위로하며 같은 

곳을 바라보았던 효종, 민희, 유미, 본양, 혜정, 종연, 혜실, 형석, 상천, 봉현, 

현주에게도 감사합니다. 

기상청이라는 조직 안에서 학위 과정을 마칠 수 있도록 물심 양면으로 

도와주신 직원분들께도 깊이 감사드립니다. 공무원과 학자 사이에 본을 

보여주시고 항상 응원해주시는 권원태 소장님께 감사드립니다. 황사에 대한 

열정을 심어주시고 매사에 세심하게 마치 당신의 일처럼 보듬어 주신 전영신 

과장님, 공무원의 기본과 관측업무에 대해 항상 본을 보여주시는 홍경화 
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사무관님, 모델링의 기초를 열정적으로 가르쳐 주시고 조직의 팀웍을 위해 

솔선수범하시는 배려의 아이콘 하종철 연구관님, 그 외 직장과 학위과정을 

병행하면서 생겼던 수많은 공백을 잘 이해해 주신 황사연구과 직원분들께 

감사의 말씀 전합니다. 앞으로 본 연구를 통해 얻어진 결과가 황사연구과에 

도움이 될 수 있도록 노력하겠습니다. 

청남교회에서 태어나고 자라나고 오늘에 이르기까지 여러 성도님들의 

사랑을 듬뿍 받고 살아왔음을 알기에 이 지면을 빌어 감사함을 전합니다. 

민현기 담임목사님과 최유진 사모님의 기도와 지원해 주심을 감사드립니다. 

청년의 때에 바른길로 인도해 주시고 동역해 주신 김광영 목사님께도 깊이 

감사드립니다. 그 외에 늘 기도해주시고 인정해주시는 청남교회 성도님들께 

감사함을 드리며 평생 어디에 있든 잊지 않고 청남교회를 위해 

중보하겠습니다. 

평생 40 년을 한 교회에서 사역하시며 3 남매를 사랑과 믿음으로 

키워주신 자랑스러운 부모님께 진심으로 감사드립니다. 저에게 신앙을 

심어주시고, 양육하셨으며, 부모님으로 인해 아버지 되신 하나님을 이 땅에서 

경험하는 특권을 누리고 있습니다. 평생 그 은혜를 갚으며 살겠습니다. 항상 

나보다 먼저 어떻게 살아야 할 지 잘 알려주어 고마운 형님과 형수님, 어릴 

적 동생의 어리광을 잘 받아주고 이해해준 누나와 자형에게도 감사의 마음을 

전합니다. 각자의 위치에서 큰 일을 감당하고 자녀들도 믿음으로 양육하는 

형님과 누님 가정이 있어 이 막내는 든든함을 느낍니다. 어려서부터 각별한 

관심으로 이뻐해 주시고 지금도 새벽기도마다 중보해 주시는 작은 

외숙부님과 외숙모님, 늘 넉넉한 성품으로 친척들을 챙겨주시는 큰 외숙모님, 

매번 찾아뵐 때마다 기쁘게 맞이해 주시고 뭐라도 챙겨주시는 이모님과 

이모부님께도 깊은 감사의 마음을 전합니다. 그리고 함께 자라면서 지금은 
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든든하게 서로 의지할 수 있게 된 인세형, 혁진이 형, 영석이 등 사촌들께도 

깊이 감사드립니다. 저를 자식과 형제처럼 대해주시고 늘 기도해 주시는 

장인어른, 장모님, 그리고 처형, 동서형님, 처제에게도 깊은 감사의 마음을 

전합니다. 

 결혼한 이후 학위과정을 마치는 동안 기약 없이 남편만 바라보고 

서울에 올라와 같이 살아주고 의지가 되어 준 아내 최은실에게 고마움과 

사랑을 전합니다. 세상이 추구하는 것보다는 더 고상한 목표를 향하여 함께 

헤쳐나가면서 지금까지의 고생을 갚아나갈 것을 약속합니다. 하나님이 

명하시고 정하신 바대로 살아가길 원하는 두 딸, 소명이와 소정이에게 그 

어느 것과도 대체할 수 없는 선물이자 우리 가족의 기쁨이 되어 주어 

고맙다는 말을 끝으로 감사의 말씀을 마칩니다. 
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