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Abstract 32 

 33 

This paper presents a method to estimate the land surface temperature (LST) from 34 

Himawari-8 data. The Advanced Himawari Imager (AHI) onboard Himawari-8 has three 35 

thermal infrared bands in the spectral range of 10–12.5 μm. We developed a nonlinear 36 

three-band algorithm (NTB) that makes the best use of these bands to estimate the LST. 37 

The formula of the algorithm includes ten coefficients. The optimum values of these 38 

coefficients were derived using a statistical regression method from the simulated data, 39 

as obtained by a radiative-transfer model. The simulated data sets corresponding to a 40 

variety of values of LST, surface emissivity, type and season of temperature and water 41 

vapor profiles. Viewing zenith angles (VZAs) from 0° to 60° were considered. For the 42 

coefficients obtained in this way, we checked the root-mean-square error (RMSE) in 43 

terms of the VZA, LST and precipitable water dependence. We showed that the NTB 44 

can accurately estimate the LST with the RMSE less than 0.9 K by comparison with the 45 

nonlinear split-window algorithm developed by Sobrino and Romaguera (2004). 46 

Moreover, we evaluated the sensitivities of the LST algorithms to the uncertainties in 47 

input data by using the dataset independent of dataset used to obtain coefficients. 48 

Consequently, we showed that the NTB has the highest robustness against the 49 

uncertainties in input data. Finally, the stepwise LST retrieval method were constructed. 50 

This method includes a simple cloud mask procedure and the LSE estimation. The LST 51 
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product was evaluated using in-situ data over the Tibetan Plateau, and then the validity 52 

was confirmed. 53 

 54 

Keywords  Land surface temperature (LST); Himawari-8; Advanced Himawari Imager 55 

(AHI); Thermal infrared (TIR); cloud mask; land surface emissivity (LSE) 56 

 57 
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1. Introduction 59 

The land surface temperature (LST) is a key parameter of the land-atmosphere 60 

interaction on various scales. Changes in surface cover due to deforestation or 61 

urbanization can cause changes in the LST and the heat flux, and these can lead to 62 

environmental issues, such as desertification and urban heat islands. For this reason, it is 63 

important to understand LST changes. Methods for observing the LST can be roughly 64 

divided into in-situ observations and satellite/aircraft observations. Since satellite/aircraft 65 

observations can provide LST data over wide area in homogeneous quality, this approach 66 

is generally used to study the distribution of vegetation and urban climates (Sobrino and 67 

Raissouni, 2000; Oku et al., 2007; Weng 2009). Various algorithms have been proposed to 68 

estimate LST from various sensors, such as the Moderate Resolution Imaging 69 

Spectroradiometer (MODIS; Wan and Dozier, 1996; Wan 2014), the Advanced Very High 70 

Resolution Radiometer (AVHRR; Sobrino and Raissouni, 2000; Sobrino et al., 1994; Coll 71 

and Caselles, 1997; François and Ottlé, 1996), the Landsat-8 Thermal Infrared Sensor 72 

(TIRS; Rozenstein et al., 2014), the Spinning Enhanced Visible and Infrared Imager 73 

(SEVIRI; Sun and Pinker, 2007; Atitar and Sobrino, 2009), the Geostationary Operational 74 

Environmental Satellite (GOES) imager (Sun and Pinker, 2003; Xu et al., 2014), the 75 

FengYun meteorological satellite instruments (Tang et al., 2008; Tang et al., 2015), and the 76 

Japanese Advanced Meteorological Imager (JAMI; Takeuchi et al., 2012).  77 

Himawari-8, the successor to MTSAT-2, was launched in October 2014 and began 78 



 5 

observations in July 2015. This is a geostationary satellite located above the equator at 79 

longitude 140.7° E and is flying at an altitude of 35786 km. The Advanced Himawari Imager 80 

(AHI) onboard Himawari-8 contains three visible bands (centered at 0.47, 0.51 and 0.64 81 

μm) and thirteen infrared bands (centered at 0.86, 1.61, 2.25, 3.9, 6.2, 6.9, 7.3, 8.6, 9.6, 82 

10.4, 11.2, 12.4 and 13.3 μm). Compared to MTSAT-2, the AHI has two more visible bands 83 

and nine more infrared bands. The spatial resolution of the visible band (0.64 μm) is 0.5 km, 84 

and that of the other visible bands (0.47 and 0.51 μm) and one near infrared band (0.86 85 

μm) is 1.0 km. The spatial resolution of the infrared bands is 2.0 km. The observation cycle 86 

of the AHI is 2.5 minutes in the area of Japan and 10 minutes for the full disk. The spatial 87 

and temporal resolution are both improved compared to the MTSAT-2. Currently, the AHI is 88 

the most advanced sensor on-board geostationary satellites. It is expected that 89 

construction of estimation method of LST using Himawari-8 enables us to observe 90 

small-scale features in high-frequency compared to previous satellite data. 91 

In this paper, we present a new LST retrieval formula that makes the maximum use of 92 

information from the new bands of AHI. Section 2 describes a basic theory for estimation 93 

method of LST and several candidate formulas tested in this study. Section 3 describes the 94 

simulation setting in which we use a radiative transfer model to verify the LST retrieval 95 

formulas; the verification method is also discussed in detail. Section 4 describes the results 96 

and discussions for the LST algorithm errors and the operational retrieval method of LST. 97 

 98 
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2. Basic Theory 99 

Assuming a cloud-free atmosphere under local thermodynamic equilibrium, the radiance 100 

𝐼𝑖 measured in the thermal infrared (TIR) band 𝑖 at the viewing zenith angle (VZA) 𝜃 at 101 

the top of atmosphere can be represented by the following simplified radiative transfer 102 

equation (Li et al., 2013a): 103 

𝐼𝑖 = 𝐵𝑖(𝑇𝑖) = 𝜀𝑖𝜃𝐵𝑖(𝑇𝑠𝑓𝑐)𝜏𝑖𝜃 + 𝑅𝑎𝑡𝑚𝑖𝜃↑ + (1 − 𝜀𝑖(𝜃, 𝜑))𝑅𝑎𝑡𝑖↓𝜏𝑖𝜃 (1) 

where 𝐵𝑖 is Plank’s function weighted by the spectral response function of band 𝑖 and 𝑇𝑖 104 

is the brightness temperature of the band 𝑖 at the top of atmosphere. 𝜀𝑖𝜃 and 𝜏𝑖𝜃 are the 105 

land surface emissivity (LSE) and the atmospheric transmittance, respectively at VZA 𝜃. 106 

𝐵𝑖(𝑇𝑠𝑓𝑐)  is the radiance from the black body of surface temperature 𝑇𝑠𝑓𝑐 , thus 107 

𝜀𝑖𝜃𝐵𝑖(𝑇𝑠𝑓𝑐)𝜏𝑖𝜃  is the surface emission attenuated by the atmosphere. 𝑅𝑎𝑡𝑚𝑖𝜃↑  is the 108 

upward atmospheric thermal radiance at VZA 𝜃  and (1 − 𝜀𝑖(𝜃, 𝜑)) 𝑅𝑎𝑡𝑖↓𝜏𝑖𝜃  is the 109 

downward atmospheric thermal radiance reflected by the land surface and attenuated by 110 

the atmosphere. Thus, once we know the effects of the atmosphere (such as the 111 

transmittance and the thermal radiance) and the LSE, the LST is estimated from observed 112 

radiance of band 𝑖 through (1). 113 

However, it is difficult to estimate the effect of the atmosphere by using the radiative 114 

transfer equation for only single band. In order to overcome this problem, many studies 115 

have used a linear split-window algorithm (Wan and Dozier, 1996; Sobrino et al., 1996; Oku 116 
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and Ishikawa, 2004), which considers the effect of the atmosphere by utilizing the 117 

differential absorption in the spectral range 10–12.5 μm. In this range, the variation in the 118 

LSE is generally small, and water vapor is the main atmospheric component with a strongly 119 

variable effect on thermal radiance. The linear split-window algorithms use the difference 120 

between two brightness temperatures measured for wavelengths in the range 10–12.5 μm; 121 

a typical example is: 122 

𝑇𝑠𝑓𝑐 = 𝑎0 + 𝑎1𝑇𝑖 + 𝑎2(𝑇𝑖 − 𝑇𝑗) (2) 

where the coefficients 𝑎𝑘 (𝑘 = 0, 1, 2) depend on the spectral response functions 𝑔𝑖 , 𝑔𝑗 123 

and the LSEs 𝜀𝑖  and 𝜀𝑗 of the TIR bands i and j, the total column water vapor WV in the 124 

atmosphere, and the VZA 𝜃. Thus, the 𝑎𝑘 can be expressed as: 125 

𝑎𝑘 = 𝑓𝑘(𝑔𝑖, 𝑔𝑗 , 𝜀𝑖, 𝜀𝑗 , 𝑊𝑉, 𝜃) (3) 

The use of linear split-window algorithm, however, sometimes results in a large error 126 

when the atmospheric conditions are wet and/or hot (Li et al., 2013a). In order to keep the 127 

accuracy, nonlinear split-window algorithms (NSWs) have been developed in which a 128 

quadratic term of the difference between 2 brightness temperatures is added as: 129 

𝑇𝑠𝑓𝑐 = 𝑎0 + 𝑎1𝑇1 + 𝑎2(𝑇𝑖 − 𝑇𝑗) + 𝑎3(𝑇𝑖 − 𝑇𝑗)2 (4) 

where the coefficients 𝑎𝑘 (𝑘 = 0, 1, 2) also depend on the 𝑔𝑖 , 𝑔𝑗 , LSEs and 𝑊𝑉. The 130 

NSW developed by Sobrino and Romaguera (2004) has been used to estimate the LST 131 

from geostationary satellite data (Atitar and Sobrino, 2009; Takeuchi et al., 2012), such as 132 

that obtained by the Meteosat Second Generation (MSG) satellite and the Multifunction 133 
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Transport Satellite (MTSAT). This NSW is: 134 

𝑇𝑠𝑓𝑐 = 𝑇𝑖 + 𝑎1(𝑇𝑖 − 𝑇𝑗) + 𝑎2(𝑇𝑖 − 𝑇𝑗)
2

+ 𝑎3(1 − 𝜀) + 𝑎4∆𝜀 

+𝑎5𝑃𝑊(1 − 𝜀) + 𝑎6𝑃𝑊∆𝜀 + 𝑎7           

(5) 

where 𝜀  is the ‘mean’ emissivity of the TIR bands 𝑖 and 𝑗 , 𝜀 = (𝜀𝑖 + 𝜀𝑗)/2, ∆𝜀  is the 135 

difference in emissivity in the TIR bands 𝑖 and 𝑗 , ∆𝜀 = 𝜀𝑖 − 𝜀𝑗  and 𝑃𝑊  is the total 136 

precipitable water (g/cm2). 137 

On the other hand, Sun and Pinker (2003) developed a three-band algorithm (TB) that 138 

considers the effect of the atmosphere by using a combination of any three thermal infrared 139 

bands. Their TB has the form: 140 

𝑇𝑠𝑓𝑐 = 𝑎0 + (𝑎1 + 𝑎2

1 − 𝜀𝑖

𝜀𝑖
) 𝑇𝑖  + (𝑎3 + 𝑎4

1 − 𝜀𝑗

𝜀𝑗
) 𝑇𝑗 + (𝑎5 + 𝑎6

1 − 𝜀𝑘

𝜀𝑘
) 𝑇𝑘 (6) 

Sun and Pinker (2003) proposed to use a mid-infrared (MIR) band of 3.9 μm as 𝑇𝑘, and 141 

they demonstrated that the TB is more accurate than the generalized (linear) split-window 142 

algorithm (Wan and Dozier, 1996). However, the TB with one MIR band and two TIR bands 143 

is only valid at night, because the radiance measured in the MIR band includes the solar 144 

radiation reflected by the land in daytime. 145 

The AHI has three TIR bands (bands 13, 14 and 15) in the range of 10–12.5 μm (Fig. 1). 146 

Therefore, either the NSW or the TB can be used to retrieve the LST. In order to achieve 147 

further improvement of the accuracy, we here propose a new nonlinear three-band 148 
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algorithm (NTB) which has the following form: 149 

𝑇𝑠𝑓𝑐 = 𝑎0 + (𝑎1 + 𝑎2

1 − 𝜀𝑖

𝜀𝑖
) 𝑇𝑖 + (𝑎3 + 𝑎4

1 − 𝜀𝑗

𝜀𝑗
) 𝑇𝑗 + (𝑎5 + 𝑎6

1 − 𝜀𝑘

𝜀𝑘
) 𝑇𝑘 

+𝑎7(𝑇𝑖 − 𝑇𝑗)
2

+ 𝑎8(𝑇𝑖 − 𝑇𝑘)2 + 𝑎9(𝑇𝑗 − 𝑇𝑘)
2

               

(7) 

The three bands (𝑖, 𝑗, 𝑘) are taken from three AHI TIR bands in the 10–12.5 μm range, 150 

making the maximum use of AHI window TIR bands. The use of MIR is out of scope since it 151 

cannot be used in daytime. AHI has other TIR bands, such as band 11 (centered at 8.6 μm) 152 

and band 12 (centered at 9.6 μm). But the uncertainty for the estimation accuracy of the 153 

LSE in the range of band 11 is considerably higher than that of the 10–12.5 μm range in 154 

barren or sparsely vegetated area (Sobrino et al., 2008; Peres and DaCamara, 2005). The 155 

range of band 12 has the O3 absorption. These uncertainty and property affect the final LST 156 

retrieval accuracy. Hence, band 11 and 12 were not used in this study. 157 

 158 

3. Simulation Setting 159 

The coefficients of the NSW, the TB, and the NTB must be determined empirically using 160 

a set of LST – (𝑇𝑖, 𝑇𝑗, 𝑇𝑘) relation generated by radiation transfer model under various 161 

atmospheric and land surface conditions and for different VZAs. In this study, the Rstar6b 162 

radiative transfer model (Nakajima and Tanaka, 1986; Nakajima and Tanaka, 1988) is 163 

employed to compute the radiance at the top of the atmosphere for given values of the 164 

surface and atmospheric parameters. The ancestor program, Rster5, contains the 165 
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LOWTRAN5 as the gaseous absorption model.  Instead, the Rstar6b contains the 166 

nonlinear fitting k-distribution method (Nakajima et al., 2000; Sekiguchi and Nakajima, 167 

2008) as the gaseous absorption model. 168 

For the variety of atmospheric condition between the land surface and satellite borne 169 

sensor, we used two types of cloudless atmosphere radiosonde database, one the 170 

Thermodynamic Initial Guess Retrieval (TIGR) database and the other six model 171 

atmospheres (tropical, mid-latitude summer, mid-latitude winter, high-latitude summer, 172 

high-latitude winter, and US standard). The former is used as the calibration data to 173 

determine coefficients, and the other is used as validation data. The TIGR database 174 

contains 2311 atmospheric profiles and the associated surface data (pressure, temperature, 175 

water vapor and ozone profiles) selected by statistical methods from 80000 radiosonde 176 

reports (http://ara.lmd.polytechnique.fr/). To extract the data in clear sky condition from the 177 

TIGR database, the cloud determination test (Galve et al., 2007) is first applied using 178 

relative humidity (RH) in each sounding as criteria. When one layer has RH larger than 90 179 

% or continuous two layers had RH larger than 85 %, the radiosonde data is excluded as 180 

cloudy data. And, the data is excluded as foggy data when the layers within 2 km from the 181 

surface has RH larger than 80 %. Finally, 215 radiosonde data in Himawari-8 main 182 

observation area was selected from the extracted data, as shown in Fig. 2 (a). Figure 2 (b) 183 

shows the air temperature (T0) of the lowest layer and the total precipitable water (PW) 184 

distribution of selected radiosonde data. The T0 ranges from 244 K to 312 K and the PW 185 
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varies from 0.06 g/cm2 to 7.60 g/cm2. For each of 215 radiosonde data, the LST – (𝑇𝑖, 186 

𝑇𝑗, 𝑇𝑘) relation is computed for various values of LST, LSE and VZA. For the LST, 6 values 187 

from 𝑇0 − 5 K to 𝑇0 + 20 K with 5 K intervals are used. We assumed that the surface was 188 

Lambertian. For the LSE, emissivity spectra of 87 different natural or manmade materials, 189 

40 spectra for soils, 23 spectra for rocks, 6 spectra for manmade materials, 12 spectra for 190 

vegetation and 6 spectra for water, snow and ice are considered. These materials were 191 

selected from the MODIS University of California, Santa Barbara (UCSB) emissivity library 192 

(http://www.icess.ucsb.edu/modis/EMIS/html/em.html; Wan et al., 1994) and the ASTER 193 

spectral library (http://speclib.jpl.nasa.gov/; Baldridge et al., 2009). Soil materials include 194 

inceptisols, entisols, mollisols and aridisols. Rock materials include igneous rocks and 195 

sedimentary rocks. Manmade materials include concretes, road asphalts and tar. In terms 196 

of the emissivity of vegetation, we used the TIR volumetric bidirectional reflectance 197 

distribution function (BRDF) model (Snyder and Wan, 1998) to calculate the BRDF and 198 

integrated it over the hemisphere in order to obtain the directional hemispherical 199 

reflectance (DHR) and emissivity from emissivity of each leaf sample measured by 200 

laboratories. The TIR volumetric BRDF model form is: 201 

𝑓𝑣𝑜𝑙 = 𝑐1𝑘𝑣𝑜𝑙
𝜌

+ 𝑐2𝑘𝑣𝑜𝑙
𝜏 + 𝑐3 (8) 

the kernels are given by 202 

𝑘𝑣𝑜𝑙
𝜌

=
(𝜋 − 𝜉)𝑐𝑜𝑠𝜉 + 𝑠𝑖𝑛𝜉

𝑐𝑜𝑠𝜃𝑖 + 𝑐𝑜𝑠𝜃𝑟
−

𝜋

2
 (9) 

http://www.icess.ucsb.edu/modis/EMIS/html/em.html
http://speclib.jpl.nasa.gov/
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𝑘𝑣𝑜𝑙
𝜏 =

−𝜉𝑐𝑜𝑠𝜉 + 𝑠𝑖𝑛𝜉

𝑐𝑜𝑠𝜃𝑖 + 𝑐𝑜𝑠𝜃𝑟
 (10) 

and the coefficients by 203 

𝑐1 =
2𝜌

3𝜋2
[1 − exp (−𝑏𝐹)] (11) 

𝑐2 =
2𝜏

3𝜋2
[1 − exp (−𝑏𝐹)] (12) 

𝑐3 =
𝜌

3𝜋
[1 − exp (−𝑏𝐹)] +

𝜌0

𝜋
[exp (−𝑏𝐹)] (13) 

here 𝜃𝑖 and 𝜃𝑟 are the incident zenith angle and reflected zenith angle; 𝜌 and 𝜌0 are the 204 

leaf reflectance and ground reflectance; 𝜏 is the leaf transmission; 𝑏𝐹 is the optical depth; 205 

𝜉 is the scattering angle between incidence and reflection. 𝜉 is given by: 206 

𝜉 = arccos (𝑐𝑜𝑠𝜃𝑖𝑐𝑜𝑠𝜃𝑟 + 𝑠𝑖𝑛𝜃𝑖𝑠𝑖𝑛𝜃𝑟𝑐𝑜𝑠𝜙) (14) 

where, 𝜙 is the relative azimuth angle between the incident and reflected directions. 𝜏 is 207 

taken to be zero for the TIR region and 𝑏𝐹 is taken to be infinite (Snyder and Wan, 1998). 208 

Therefore, this model requires not a ground reflectance 𝜌0 but a leaf reflectance 𝜌 to 209 

determine the volumetric BRDFs 𝑓𝑣𝑜𝑙. We considered 3 types of broad leaves, 2 types of 210 

needle leaves and a green grass for the green state and 2 types of broad leaves, 2 types of 211 

needle leaves, a bark and an old grass for the senescent state. Consequently, the 212 

emissivity of each TIR band was obtained by approximating the integral of the spectral 213 

response function over the emissivity spectrum. For each of the AHI TIR bands, the filtered 214 

emissivity values of 87 surface types are shown in Fig. 3. We considered the LSE value at 215 
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nadir for all the observation angles but it should be considered angular dependence on 216 

emissivity of each surface type (Snyder et al., 1998; Sobrino et al., 2005). However, this 217 

approximation can express the general properties or relationships of three TIR bands 218 

(Atitar and Sobrino, 2009; Sobrino and Romaguera, 2004). 219 

Using the above considerations, we prepared input data to Rstar6b. These included the 220 

spectral response functions for the three AHI TIR bands, the seven VZA values (0, 10, 20, 221 

30, 40, 50 and 60°), six model atmospheres and 215 radiosonde profiles, 6 LST values for 222 

each profile, and 87 band emissivity values. We calculated the emissivities of five ice 223 

and/or snow conditions, but these were used only when the LST was estimated to be less 224 

than 273 K. These data are input to Rbstar6b and 109467 LST – (𝑇𝑖, 𝑇𝑗, 𝑇𝑘) relations are 225 

obtained in total for a fixed VZA value. Among these 215 TIGR profiles are used as 226 

calibration data to obtain the coefficients of each LST algorithm. On the other hand, the 227 

2987 data with six model atmospheres are used for the validation. For each input, Rstar6b 228 

computes the radiances of three different bands. The radiances were converted into the 229 

brightness temperatures using the conversion coefficients of the AHI sensor.  230 

 231 

4. Results and Discussions 232 

4.1 Calculation of coefficients and the estimation error for each algorithm 233 

The coefficients of the NSW, the TB, and the NTB were obtained by regression of (5), (6) 234 

and (7) using the Levenberg-Marquardt method. For the NSW, different choice of two 235 
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bands from available three window thermal bands were tried. Tables 1, 2, 3, 4 and 5 show 236 

the coefficients of the NSW using band 13 and band 14 (NSW_10.4-11.2), NSW using 237 

band 13 and band 15 (NSW_10.4-12.4), NSW using band 14 and band 15 238 

(NSW_11.2-12.4), TB and NTB, respectively for different VZA. In previous studies such as 239 

Atitar and Sobrino (2009) and Jiang et al. (2015), the coefficients of a nonlinear 240 

split-window algorithm were adapted to the functions depending on the cosine of VZA. 241 

These functions can be derived from a coefficient data table, such as Table 1, 2 or 3 by 242 

polynomial curve fitting. It is very useful for practical use of the LST observation. The NTB 243 

coefficients can similarly be expressed as the functions depending on the cosine of VZA, as 244 

shown in Fig. 4. However, for the coefficients a1, a3 and a5, the fitting error larger than the 245 

order of 10-3 may cause a LST error larger than 1.0 K since these coefficients are multiplied 246 

by the brightness temperatures directly. Therefore, if we estimate the LST using fitting 247 

results, we should use them carefully.  248 

The precision of the fitting was estimated for all algorithms by comparing the input LST 249 

and estimated LST. The biases were smaller than the order of 10-1 in the range of VZAs 250 

considered for all algorithms. The root-mean-square errors (RMSEs) of five algorithms for 251 

seven VZAs by using the calibration data are shown in Fig. 5. The NSW_10.4-12.4 has the 252 

best accuracy in the VZA ranging from 0° to 30° (green dashed line with dot). For the VZA 253 

greater than about 40°, however, the NTB has the lowest RMSE (red solid line with dot). 254 

The RMSE is lower than 1.3 K even at the VZA 60°. The NTB estimation error changes by 255 
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0.55 K as the VZA change from 0° to 60°, while it changes by 0.81 K for the 256 

NSW_10.4-12.4. Therefore, considering the angular variation of the estimation accuracy, 257 

the NTB gives sound fitting over a wider range of VZA than the NSW_10.4-12.4 does. 258 

Furthermore, we compared the estimation error of the NSW_10.4-12.4 and the NTB for 259 

different LST classes and PW classes in Table 6 and Table 7. Each table shows the 260 

RMSEs of those two algorithms for different LST and PW classes using calibration data. 261 

The estimation errors for all cases in calibration data are shown at the bottom of the Table 7. 262 

These tables show that the errors of both algorithms are lower than 1.0 K in the wide range 263 

of LST and PW except for very hot or very wet environments. When the LST is higher than 264 

310 K or the PW is larger than 3.0 g/cm2, the errors of both algorithms are significantly 265 

increased and the difference of accuracy between two algorithms is also increased. This 266 

difference of accuracy can reach 0.74 K from 0.23 K. Therefore, although the error for all 267 

cases of two algorithms make no difference, the NTB has more accuracy than the 268 

NSW_10.4-12.4 in hot or wet environments. This very hot and warm condition corresponds 269 

to tropical environment. Seeing the distribution of calibration data in Fig. 2, the sparsity of 270 

data from humid tropics may have caused this error distribution. 271 

 272 

4.2 Sensitivity analysis 273 

The above results show that the preferable LST algorithm are the NTB and the 274 

NSW_10.4-12.4. However, when this algorithm is used for the LST retrieval, the uncertainty 275 
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in the input data, such as the LSE values, may cause fluctuations in the estimate of the LST. 276 

Thus, we evaluated the robustness of the five algorithms against uncertainties in the input 277 

data. In this sensitivity analysis, separate validation data from model atmosphere are used 278 

to avoid overfitting. The uncertainties of the LSE for three bands were assumed 𝜀𝜆 ± 0.02. 279 

The noise equivalent differential temperature (NEDT) for three bands were assumed 0.1 K 280 

(Zou et al., 2016). For the nonlinear split-window algorithms, the uncertainty of the total 281 

precipitable water was assumed 𝑃𝑊 ± 0.5  g/cm2 (Sobrino and Romaguera, 2008; 282 

Akatsuka et al., 2013). Over the validation data with uncertainty of the LSE, NEDT and PW, 283 

the RMSEs were computed and the total estimation error 𝜎𝑡𝑜𝑡𝑎𝑙 for five algorithms were 284 

obtained as: 285 

𝜎𝑡𝑜𝑡𝑎𝑙 = √𝜎𝑅𝑀𝑆𝐸
2 + 𝜎𝜀

2 + 𝜎𝑃𝑊
2 + 𝜎𝑁𝐸𝐷𝑇

2 (15) 

where, 𝜎𝑅𝑀𝑆𝐸 is the estimation error of the algorithm itself; 𝜎𝜀, 𝜎𝑃𝑊 and 𝜎𝑁𝐸𝐷𝑇 are the 286 

estimation error due to the uncertainties of the LSE, PW and NEDT, respectively. 287 

Specifically, for the nonlinear split-window algorithms, six kinds of the errors due to input 288 

data uncertainties; the 𝜎𝑅𝑀𝑆𝐸, 𝜎𝑃𝑊, two 𝜎𝜀 and two 𝜎𝑁𝐸𝐷𝑇 of the selected TIR bands were 289 

considered. For the TB and NTB, seven kinds of the errors due to input data uncertainties; 290 

the 𝜎𝑅𝑀𝑆𝐸, three 𝜎𝜀 and three 𝜎𝑁𝐸𝐷𝑇 of the three TIR bands were considered.  291 

Table 8 shows the results of sensitivity analysis of five algorithms for each VZA. First, in 292 

terms of the error of the algorithm itself, the NSW_10.4-11.2 has the lowest angular 293 

dependence on the estimation accuracy, while the NSW_11.2-12.4 has the largest one. 294 
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The NSW_10.4-11.2 has the worst accuracy and the NSW_10.4-12.4 has the best 295 

accuracy at a low VZA region. These characteristics have also been viewed in the Fig. 5 296 

but the error values are different from each other. However, unlike fitting error in calibration 297 

data, the accuracy of the NSW_10.4-12.4 is higher than that of the NTB in the VZA ranging 298 

from 0° to 60°. This result may represent the relationship of accuracies between two 299 

algorithms over the LST range from 270 K to 310 K in the Table 6 because the validation 300 

data does not include extreme high and low temperature conditions.  301 

For 𝜎𝜀 Atitar and Sobrino (2009) reported that LST estimation error caused by the LSE 302 

uncertainty is larger than that caused by other input data, such as PW and NEDT. In this 303 

study, as expected, the LSE uncertainties cause the largest LST estimation error for all 304 

algorithm. For the NSWs, the NSW_10.4-11.2 has much larger 𝜎𝜀  than the 305 

NSW_10.4-12.4. The larger difference of atmospheric absorption characteristics between 306 

two TIR bands, the more robust the correction of atmospheric attenuation seems to be 307 

against the LSE uncertainties. Whereas, the 𝜎𝜀 of the TB and NTB are lower than 2.0 K 308 

over most of the VZA range. It is found that the LST estimation accuracy can become 309 

robust against the LSE uncertainties by using TIR three band information. Consequently, 310 

the 𝜎𝑡𝑜𝑡𝑎𝑙 of the NTB is the lowest in the VZA ranging from 0° to 60° among five algorithms. 311 

The 𝜎𝑡𝑜𝑡𝑎𝑙 of the NTB is less than 2.5 K even at VZA 50°, which is different from other 312 

algorithms. When the VZA is less than 30°, the 𝜎𝑡𝑜𝑡𝑎𝑙 difference between the NTB and the 313 

NSW_10.4-12.4, the second-best algorithm is about 1.0 K.  314 
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From the above results, we have verified that the NTB enables highly accurate and 315 

stable LST estimation over a wide range of observation by Himawari-8.  316 

 317 

4.3 Operational observation method 318 

In practical LST retrieval, a stepwise retrieval method (Li et al., 2013a) that determines 319 

the LSE and the LST separately is employed. cloud masking is also needed because the 320 

TIR radiation in the range of 10–12.5 μm radiated from land surface cannot transmit the 321 

clouds. This section introduces the cloud masking and LSE estimation. necessary 322 

procedures for actual observation using the NTB. 323 

a. Operational coefficients 324 

For operational purpose two sets of NTB coefficients, one for T10.4 < 280 and the other for 325 

280 < T10.4 are prepared. This is according to Sun and Pinker (2003) where they 326 

successfully improved the accuracy of the TB by using two sets of coefficients based on 11 327 

μm brightness temperature. It is expected that the estimation accuracy of the NTB could 328 

also be improved by using two sets of coefficients. We calculate two sets of coefficients by 329 

using the band 13 brightness temperature, T10.4 as a threshold value, and then, the 330 

corresponding RMSE is obtained. This procedure is repeated for seven different threshold 331 

values (270 K to 300 K at intervals of 5 K). The RMSEs of the NTB for each threshold value 332 

and each VZA are shown in Fig. 6. From these results, we found that the optimum 333 

threshold value is 280 K and reset two sets of coefficients by using that threshold value. In 334 
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this case, the RMSE is from 0.41 K to 0.75 K in the VZA ranging from 0° to 65°. In 335 

comparison with the estimation accuracy before the improvement (Fig. 5), the RMSE is 336 

improved by more than 0.3 K in the VZA ranging from 0° to 60°.   337 

In obtaining these operational coefficients, the more detailed simulation setting is used. 338 

The LST range was set from 𝑇0 − 10 K to 𝑇0 + 5 K with 5 K intervals for 𝑇0 ≤ 280 K and 339 

from 𝑇0 − 5 K to 𝑇0 + 25 K with 5 K intervals for 𝑇0 > 280 K (Jiang et al., 2015; Tang et 340 

al., 2015). Eleven values (0, 10, 20, 30, 35, 40, 45, 50, 55, 60 and 65°) are assigned to the 341 

VZA. 342 

b. Cloud masking 343 

A Himawari-8 cloud mask product has already been developed by the Meteorological 344 

Satellite Center (MSC) of Japan Meteorological Agency (JMA) (Imai and Yoshida, 2016). 345 

This cloud mask algorithm is based on the cloud mask technique of EUMETSAT's 346 

Nowcasting Satellite Application Facility (NWC-SAF) for MSG/SEVIRI and NOAA National 347 

Environmental Satellite Data and Information Service (NOAA/NESDIS) for GOES-R/ABI. 348 

Imai and Yoshida (2016) compared the cloud mask product applied to SEVIRI data with the 349 

MODIS cloud mask product (MOD35). The result shows the hit ratios for all seasons are 350 

approximately 85 %. Since this is not free product, an independent cloud detection method 351 

was developed in this study. More details about the cloud detection method and the validity 352 

are in the Appendix. 353 

c. Land surface emissivity 354 
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The LSE for three bands are estimated by using the method proposed by Yamamoto and 355 

Ishikawa (2017). The estimation accuracy at the vegetation area is less than 0.01 and at 356 

arid and semi-arid areas are less than 0.02. The estimation method is a semi-empirical 357 

method, which is a combination of the classification based method (Snyder et al., 1998; 358 

Peres and DaCamara, 2005) and the NDVI thresholds method (Sobrino et al., 2008). The 359 

land cover classification information is taken from the GLCNMO2013. Material emissivities 360 

of soil, vegetation and others are taken from the MODIS UCSB emissivity library and the 361 

ASTER spectral library. Besides, flooding of paddy field and snow/ice coverage are 362 

detected by the normalized difference water index (NDWI), NDVI and NDSII. When a pixel 363 

is covered by snow/ice, the emissivity value of snow/ice is assigned independent to the 364 

pixel class. For paddy fields, when a pixel is judged as the flooding and rice transplanting 365 

period, the high emissivity value that has both grass and water properties is assigned. 366 

Accordingly, this procedure requires the visible/near-infrared bands, band 3, 4 and 5 367 

(centered at 0.64, 0.86 and 1.61). Figure 7 shows the flowchart for the operational 368 

observation method of LST which include cloud masking and LSE estimation. On the whole, 369 

our method requires eight visible and infrared bands, band 3, 4, 5, 7, 10, 13, 14 and 15. 370 

 371 

4.4 Validation with in-situ data 372 

The validation of satellite observed LST has inherent difficulty since the in situ 373 

observation also suffered by horizontally homogeneity and/or uncertainty of emissivity. 374 
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Considering this, the Himawari-8 LST product is validated with in-situ LSTs observed over 375 

the Tibetan Plateau, where the topography is flat and the local landscape is homogeneous 376 

grassland. The observation site is located at 31°22'8.73"N, 91°53'55.26"E and the altitude 377 

is 4511 m. This site was referred to in many previous studies (e.g. Ma  et al. (2006, 2007)).  378 

The VZA is 63.56 °. Due to this large VZA and high altitude, however, the projection point of 379 

AHI is shifted to the northwestward direction. The shift is taken into consideration to match 380 

the observation site. The surface temperature is continuously measured by radiation 381 

thermometer with a preset global emissivity value of 0.90, and 10-minute average value is 382 

recorded. The values are compared for three seasons, winter (January 1 to 31, 2016), 383 

spring (April 1 to 30, 2016) and summer (July 1 to 31, 2016). Figure 8 shows the scatter 384 

plots of the Himawari-8 LSTs and in-situ LSTs. The correlations of all seasons are greater 385 

than 0.96 and the RMSEs are less than 4 K. The RMSE at the VZA 63.56 ° is supposed 386 

approximately 3 K from the simulation results (see Table 8). In this comparison, the RMSEs 387 

are a little greater than the simulation. The possible sources of this are thought to be the 388 

cloud detection failure (ex. partial sub-grid cloud) and the difference of the scales of AHI 389 

and field sensor. In previous study, Oku and Ishikawa (2004) also validated the 390 

Geostationary Meteorological Satellite-5 (GMS-5) LST product with in-situ LSTs over the 391 

Tibetan Plateau. They estimated the LST by using a linear split-window algorithm. Their 392 

results showed that the RMSE is 5.53–11.99 K. In comparison with Oku and Ishikawa 393 

(2004), the estimation accuracy of the Himawari-8 LST has considerable validity. Some 394 
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apparent underestimations and the general tendency of slight underestimation is probably 395 

caused by failure in cloud removal or contamination by sub-pixel scale clouds, which 396 

explain the biases in April and July are negative. Conversely, in the extremely low 397 

temperature region on January, the Himawari-8 LST is systematically higher than the 398 

ground observed LST. Several possible causes are postulated including measurement 399 

error by radiation thermometer, but it is not yet located. It is also thought that another 400 

reason is the misdetection of cloud masking due to the temperature inversions for 401 

nighttime.  402 

 403 

5. Conclusions 404 

We proposed a NTB that can estimate the LST from observation data in three thermal 405 

infrared bands (in the range 10–12.5 μm). Firstly, we computed the fitting coefficients and 406 

examined the dependence of the estimation accuracy on the VZA, LST and PW. The 407 

calibration data are generated by the Rstar6b code with TIGR data and various surface 408 

emissivity. The total number of simulation was 106480. The result showed that the NTB can 409 

stably estimate the LST especially in hot and wet environments by comparison to the 410 

NSW_10.4-12.4, though the NSW_10.4-12.4 is slightly better in the smaller VZA. 411 

Secondly, we evaluated the sensitivities of five algorithms to the uncertainties in LSE, 412 

PW and NEDT by using the validation data independent of calibration data. It was clarified 413 

that the NTB has the highest robustness against the uncertainties in LSEs and NEDTs of 414 
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three TIR bands. The NSW_10.4-12.4 is the second-best algorithm. The total estimation 415 

error of NTB is about two third of NSW_10.4-12.4 for VZA smaller than 40°. In practical LST 416 

retrieval, the input data of a LST algorithm is fluctuated by climate, geographical, artificial 417 

and other factors. For example, changes in surface wetness, rapid urbanization and 418 

seasonal variation of vegetation cause the LSE estimation error (Li et al., 2013b). The wet 419 

and hot environments, along the Pacific coast areas or regions in the maritime continent 420 

may cause large PW estimation error (Zou et al., 2016; Sobrino and Romaguera, 2008). 421 

Moreover, even if the NSW_10.4-12.4 are applied, all three thermal infrared bands are 422 

needed by taking the cloud mask procedure into consideration. Considering these, it is 423 

concluded that the NTB is more suitable for the LST retrieval from Himawari-8 than the 424 

NSW that is previously used for the MSG and the MTSAT. The NTB is particularly helpful 425 

for studying land surface energy fluxes (Oku et al., 2007) and small-scale environments, 426 

such as urban climates (Weng 2009) in Asia and Oceania. Finally, The NTB is combined 427 

with a simple cloud mask procedure and the LSE estimation as a stepwise retrieval method. 428 

The LST product was evaluated using in-situ data over the Tibetan Plateau. The result 429 

shows that the estimation accuracy of the product has considerable validity even at the high 430 

altitude and the large VZA. 431 

 432 

Appendix 433 

Clouds are characterized by higher reflectance and lower temperature than the land 434 
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surface. Thus, they can roughly be detected by setting appropriate threshold values of                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                               435 

reflectance and brightness temperature in visible and infrared data. However, there are 436 

several cumbersome cases in land surfaces and cloud types. For example, snow/ice 437 

surfaces have high reflectance and low temperature, so that they can easily miss-detected 438 

as cloud. Thin cirrus clouds have low influence of the observation of reflectance and 439 

brightness temperature, so that it is may be judged as clear pixel. It is also difficult to detect 440 

low-level water clouds at night because visible band is not available. In such cases, certain 441 

combinations of reflectances and/or brightness temperatures observed by different bands 442 

are effective in separating clouds and cloud free conditions. 443 

Figure A1 shows the flowchart of cloud mask procedure. First, the snow/ice pixels are 444 

detected using the normalized difference snow and ice index (NDSII) that is calculated as 445 

NDSII = (R0.64 – R1.6) / (R0.64 + R1.6) (Xiao et al., 2001). R0.64 and R1.6 are the reflectance 446 

observed in the visible (band 3) and near-infrared bands (band 5) of the AHI. The NDSII 447 

data is obtained as a composite of past 4-days. If the NDSII value is greater than 0.4, the 448 

pixel is classified as snow/ice surface. Then, the different cloud detection tests are used 449 

depending on solar zenith angle (SZA) of each pixel. Three scenes are considered which 450 

are daytime (SZA < 85°), twilight (85° ≤ SZA < 93°) and nighttime (SZA ≥ 93°). Table A1 451 

shows the cloud detection tests at daytime, twilight and nighttime over the land surface. 452 

Table A2 shows the cloud detection tests at twilight and nighttime over the snow/ice surface. 453 

At daytime over the snow/ice surface, a pixel is classified as clear if all the following 454 
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conditions are satisfied:  455 

𝑁𝐷𝑆𝐼𝐼 > 0.3 + 0.15 ∙ {cos(𝜉) − 1}2 (16) 

𝑇3.9 − 𝑇11.2

cos (𝑆𝑍𝐴)
< 10.0 (17) 

𝑇11.2_𝑐𝑙𝑒𝑎𝑟 − 17 < 𝑇11.2 < 286.15 (18) 

𝑇11.2 − 𝑇12.4 < 2.0 (19) 

𝑅0.64 > 𝑅0.64_𝑐𝑙𝑒𝑎𝑟 + 0.06 𝑜𝑟 𝑅0.64 > 0.2 + 0.45 ∙ {𝑐𝑜𝑠(𝜉) − 0.55}2 (20) 

𝑅0.86 > 0.2 (21) 

where, 𝜉 is the sunlight scattering angle at the surface and 𝑅 is a reflectance observed in 456 

a visible or near-infrared band. The subscripts for above equations, Table A1 and Table A2, 457 

0.86, 3.9, 7.3, 11.2 and 12.4 denote the center wavelengths of the bands 3, 4, 7, 10, 14 and 458 

15 of the AHI, respectively. T11.2_clear and R0.64_clear are the clear-sky brightness temperature 459 

and clear-sky reflectance obtained as the maximum (minimum) observed value of 1 month 460 

composites for each UTC.  461 

Cloud detection in Tables 9 and 10 consist of several tests. For each test a confidence 462 

value between 0 and 1 is assigned. The value is calculated using two thresholds, A and B, 463 

and increases toward clear sky value (=1) as; 464 

if A > B, 465 

𝐹 = {
1,                            𝑥 ≥ 𝐴

 
(𝑥 − 𝐵)/(𝐴 − 𝐵),          𝐴 > 𝑥 > 𝐵

0,                            𝐵 ≥ 𝑥.
 (22) 

if A < B, 466 
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𝐹 = {
1,                            𝑥 ≤ 𝐴

 
(𝑥 − 𝐵)/(𝐴 − 𝐵),          𝐴 < 𝑥 < 𝐵

0,                            𝐵 ≤ 𝑥.
 (23) 

where 𝑥 is an observation value of a test. Thresholds used in this study, A and B are 467 

based on the previous studies. 468 

The T11.2 and R0.64 tests are proposed by Choi and Ho (2009). The threshold values over 469 

the cold surfaces at twilight and nighttime are modified by Météo-France (2013) as in 470 

Tables 9 and 10. The T11.2_clear and R0.64_clear are obtained as 1-month composite, but there 471 

shall be a case that no clear sky appears in a month. Therefore, these values are updated 472 

every year to acquire with higher accuracy. At this time, T11.2_clear and R0.64_clear are updated 473 

for only two years (i.e. about 60-day composites), at most. In winter season, there is high 474 

possibility that a pixel cannot acquire R0.64_clear value in snow free condition due to snow 475 

coverage. In such case, constant values of R0.64, A = 0.14 and B = 0.22 of MOD35, are set 476 

as threshold over the vegetated area. Over arid and semi-arid area, R0.86 test is applied 477 

instead of R0.64 test. These tests are based on MOD35 algorithm. The discrimination 478 

between the nonarid and arid/semiarid region is taken from the land cover classification 479 

information, the Global Land Cover by National Mapping Organizations (Tateishi et al., 480 

2011; Tateishi et al., 2014) version3 (GLCNMO 2013). 481 

The T11.2 - T12.4 (split-window) test is used to the presence of thin cirrus. The value of the 482 

T11.2 - T12.4 is small over the optically thick clouds regarded as a blackbody. The value is 483 

large over the optically thin clouds such as cirrus cloud. Saunders and Kriebel (1988) set 484 
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the threshold values of T11.2 - T12.4 test. Their proposed tabulated thresholds depending on 485 

T11.2 by considering that the T11.2 - T12.4 becomes large as the T11.2 becomes large even 486 

under the clear sky. Following their case, we estimate the relation between the T11.2 - T12.4 487 

and T11.2 by using the Rster6b radiative transfer model and set the threshold values as the 488 

function of T11.2 and VZA. The threshold values over snow/ice surface are higher than over 489 

non-snow surface because the LSE at 12.4 μm is much lower than at 11.2 μm over 490 

snow/ice surface. 491 

The T11.2 - T3.9, T7.3 - T11.2 and T3.9 - T12.4 tests are based on the MOD35 algorithm 492 

(Ackerman et al., 2008; Frey et al., 2008; Ackerman et al., 2010). The T11.2 - T3.9 tests at 493 

daytime and twilight is useful for detecting low-level water clouds. The upwelling reflected 494 

solar radiance from clouds at 3.9 μm become large over the low-level water clouds 495 

(Kaufman and Nakajima, 1993) and then the T11.2 - T3.9 become large negative value. At 496 

nighttime, the T11.2 - T3.9 test can also detect low-level water clouds according to a different 497 

property that the emissivity at 3.9 μm is much lower than at 11.2 over the liquid stratiform 498 

clouds, while transmissivity difference is small (Ellrod, 1995). T7.3 - T11.2 test at nighttime 499 

can detect high and mid-level clouds. T7.3 - T11.2 is basically large negative value in cloud 500 

free condition because T7.3 is sensitive to temperature and moisture in mid-level of the 501 

atmosphere while T11.2 is mainly influenced the radiance emitted from the land surface 502 

(Ackerman et al., 2010). Clouds, however, reduce the absolute value of T7.3 - T11.2. T3.9 - 503 

T12.4 test at nighttime is useful for detection of thin cirrus easily because this difference is 504 
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relatively insensitive to the amount of water vaper (Ackerman et al., 2010).  505 

After the cloud detection tests are applied to each pixel, the total evaluation whether each 506 

pixel is clear or cloudy are decided using confidence values of each test. Note that if each 507 

confidence value is considered equally, the detection effect for the particular clouds 508 

becomes weak due to the overlap in cloud types that tests detect. In order to avoid the 509 

overlap and to evaluate fairly, test results are divided into three groups according to 510 

characteristics of clouds that each test can detect. Group 1 consists of the tests capable of 511 

detecting high and mid-level clouds, T11.2 and T7.3 - T11.2 tests. Group 2 consists of the tests 512 

capable of detecting low-level clouds, R0.64, R0.86 and T11.2 - T3.9 tests. Group 3 consists of 513 

the tests capable of detecting thin cirrus, T11.2 - T12.4 and T3.9 - T12.4 tests. A representative 514 

value of each group, Gi is determined as the minimum confidence, min[Fi]. Then, the final 515 

cloud mask index, C is the geometrical mean of representative values: 516 

𝐶 = √∏ 𝐺𝑖

𝑁

𝑖=1

𝑁

 (24) 

When C is greater than 0.95, in this study, it is considered as clear sky. After computing the 517 

C for all pixels, the spatial uniformity test is applied. This test removes the uncertainties in 518 

cloud detection tests by comparing the value with the 8 surround pixels. The uncertainties 519 

are introduced over the pixels of mixed surface characteristics, such as coastal (mixture of 520 

land and water), semiarid (bare soil and vegetation) and suburban areas (manmade 521 

material and vegetation). The coastal pixels may have large temperature gradient between 522 
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land and water. The semiarid and suburban pixels may have variable proportions of 523 

vegetation. Such heterogeneities affect the confidence of cloud mask index. In such areas, 524 

there is the possibility that a pixel is perpetually determined as clear or cloudy. To avoid 525 

such cases, when the target pixel is cloudy but the surrounding pixels (except for water 526 

pixels) are clear, it is modified as clear, or the vice versa.  527 

The cloud mask product is compared to the JMA-MSC cloud mask product in order to 528 

evaluate the validity. Three comparison periods are employed for winter (January 1 to 31, 529 

2016), spring (April 1 to 30, 2016) and summer (July 1 to 31, 2016). The distribution area of 530 

JMA-MSC cloud mask product is from 0.01 °S to 52.01 °N and from 113.99 °E to 180.01 °E 531 

with a mesh of 0.02 ° squares and the temporal resolution is 1 hour. The temporal change 532 

of hit ratio, the percentage of the sum of the number of coincidence for clear sky and for 533 

cloudy to total pixels, is shown in Fig. A2. The values in April and July are higher than 85 %. 534 

The hit ratio in January is slightly lower, around 80 %. As mentioned above, the threshold 535 

value for T11.2_clear and R0.64_clear need further accumulation or updates. Therefore, it is to be 536 

expected that the accuracy of our cloud mask product is improved as the Himawari-8 data 537 

is accumulated. Anyway, the product is sufficiently applicable to the LST retrieval even at 538 

the present status.  539 
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Fig. 1  Spectral response of AHI bands in the range 10–12.5 μm. 727 
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Fig. 2  The selected 215 radiosonde profiles in TIGR database. (a) Spatial distribution and 730 

(b) the air temperature (T0) of the first layer and the total precipitable water (PW) 731 

distribution. 732 
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 734 

Fig. 3  Emissivity values of the three AHI bands (13, 14 and 15), derived from 87 materials.  735 
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Fig. 4  The relationship between the NTB coefficients and the secant of VZA. The left 738 

figure shows the fitting results for a0–a3 and the right figure shows the fitting results for 739 

a4–a9. 740 
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 742 

Fig. 5  RMSEs (K) of five LST algorithms for seven VZAs obtained from the calibration 743 

data.  744 
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Fig. 6  The RMSEs (K) of the NTB for seven threshold values and for 11 viewing zenith 747 

angles. 748 
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 750 

Fig. 7  The flowchart for the operational observation method of LST. 751 
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 753 

Fig. 8  The scatter diagrams of Himawari-8 LST and ground observed LST for one month 754 

on January, April and July in 2016. 755 
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 757 

Fig. A1  The flowchart for the cloud mask procedure. 758 
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 760 

Fig. A2  The temporal changes of the hit ratio of the cloud mask product for one month on 761 

January, April and July in 2016. 762 
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Table 1  The coefficients of the NSW_10.4-11.2. 789 

 790 

 791 

VZA (°) a1 a2 a3 a4 a5 a6 a7 

0 3.877 0.143 33.02 1.529 -255.6 31.64 2.269 

10 3.890 0.145 32.91 1.530 -256.1 31.81 2.304 

20 3.931 0.150 32.67 1.526 -257.7 32.35 2.414 

30 3.996 0.160 32.08 1.554 -260.0 33.26 2.618 

40 4.091 0.181 30.83 1.670 -262.8 34.60 2.961 

50 4.214 0.223 28.09 2.048 -264.8 36.31 3.531 

60 4.381 0.310 22.08 3.206 -264.1 38.46 4.517 
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Table 2  The coefficients of the NSW_10.4-12.4. 792 

 793 

 794 
VZA (°) a1 a2 a3 a4 a5 a6 a7 

0 0.485 0.257 50.94 1.497 -82.74 5.251 -0.957 

10 0.470 0.259 50.50 1.698 -82.48 5.202 -0.943 

20 0.423 0.265 49.04 2.356 -81.71 5.079 -0.898 

30 0.336 0.276 46.18 3.641 -80.32 4.865 -0.805 

40 0.197 0.292 40.95 5.989 -78.30 4.609 -0.631 

50 -0.012 0.313 31.14 10.363 -75.79 4.455 -0.303 

60 -0.288 0.334 11.34 19.112 -73.64 4.901 0.320 
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Table 3  The coefficients of the NSW_11.2-12.4. 795 

 796 

 797 
VZA (°) a1 a2 a3 a4 a5 a6 a7 

0 1.047 0.046 61.67 -4.173 -83.21 8.461 -1.032 

10 1.045 0.047 61.53 -4.110 -83.20 8.509 -1.029 

20 1.037 0.050 61.06 -3.897 -83.14 8.656 -1.019 

30 1.022 0.054 60.08 -3.440 -83.12 8.984 -0.996 

40 0.996 0.061 58.13 -2.536 -83.28 9.619 -0.945 

50 0.947 0.073 54.00 -0.628 -84.18 10.970 -0.833 

60 0.863 0.090 44.14 3.933 -87.89 14.303 -0.570 
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Table 4  The coefficients of the TB. 798 

 799 

 800 
VZA (°) a0 a1 a2 a3 a4 a5 a6 

0 18.48 1.361 1.525 -1.959 0.171 0.198 -0.218 

10 18.62 1.385 1.502 -1.961 0.174 0.194 -0.218 

20 19.06 1.461 1.429 -1.965 0.182 0.184 -0.216 

30 19.75 1.603 1.285 -1.966 0.197 0.165 -0.213 

40 20.58 1.837 1.036 -1.954 0.221 0.133 -0.207 

50 21.18 2.215 0.609 -1.906 0.258 0.081 -0.195 

60 20.35 2.830 -0.133 -1.774 0.311 -0.002 -0.171 
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Table 5  The coefficients of the NTB. 801 

 802 

 803 

VZA (°) a0 a1 a2 a3 a4 a5 a6 a7 a8 a9 

0 7.876 1.142 0.990 -1.163 0.134 0.109 -0.115 0.253 0.022 0.054 

10 7.917 1.169 0.970 -1.171 0.137 0.105 -0.114 0.257 0.023 0.051 

20 8.063 1.252 0.911 -1.195 0.145 0.094 -0.111 0.271 0.024 0.043 

30 8.295 1.402 0.805 -1.240 0.159 0.072 -0.106 0.297 0.025 0.029 

40 8.594 1.644 0.639 -1.317 0.180 0.039 -0.098 0.342 0.026 0.009 

50 8.869 2.030 0.374 -1.439 0.209 -0.009 -0.084 0.421 0.024 -0.016 

60 8.756 2.702 -0.114 -1.622 0.247 -0.080 -0.063 0.564 0.013 -0.040 
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Table 6  RMSEs for different LST classes using calibration data. 804 

 805 

 806 
  RMSE (K) 

LST (K) NSW_10.4-12.4 NTB 

–260 0.82 0.60  

260–270 0.56 0.65  

270–280 0.58 0.69  

280–290 0.64 0.77  

290–300 0.71 0.90  

300–310 0.74 0.74  

310–320 1.43 1.13  

320– 2.65 1.91  
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Table 7  RMSEs for different PW classes using calibration data. 807 

 808 

 809 
  RMSE (K) 

PW (g/cm2) NSW_10.4-12.4 NTB 

–1.0 0.54 0.60  

1.0–2.0 0.62 0.61  

2.0–3.0 0.76 0.71  

3.0–4.0 1.10 1.09  

4.0– 1.79 1.56  

Total 0.96  0.90  
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Table 8  Estimation error (K) of five LST algorithms due to input data uncertainties 810 

obtained from validation data. The uncertainties of the LSE, PW and NEDT are assumed 811 

± 0.02, ± 0.5 g/cm2 and ± 0.1 K for each band. 812 

    VZA (°) 

Algorithm Uncertainty 0  10  20  30  40  50  60  

NSW_10.4-11.2 σRMSE 1.07 1.07 1.09 1.13 1.19 1.28 1.45 

 
σε10.4 6.08 6.08 6.09 6.11 6.11 6.05 5.87 

 
σε11.2 5.09 5.10 5.12 5.15 5.18 5.19 5.13 

 
σPW 0.47 0.47 0.48 0.50 0.52 0.53 0.54 

 
σNEDT10.4 0.68 0.69 0.69 0.70 0.71 0.73 0.75 

 
σNEDT11.2 0.54 0.54 0.55 0.56 0.57 0.59 0.61 

 
σtotal (K) 8.06 8.07 8.10 8.13 8.17 8.15 8.01 

NSW_10.4-12.4 σRMSE 0.55 0.55 0.56 0.59 0.64 0.74 1.00 

 
σε10.4 2.66 2.66 2.65 2.63 2.60 2.55 2.46 

 
σε12.4 1.15 1.15 1.14 1.13 1.11 1.09 1.12 

 
σPW 0.31 0.31 0.31 0.30 0.28 0.25 0.19 

 
σNEDT10.4 0.32 0.32 0.32 0.33 0.33 0.34 0.36 

 
σNEDT12.4 0.18 0.18 0.18 0.19 0.19 0.20 0.22 

 
σtotal (K) 2.99 2.99 2.98 2.96 2.94 2.91 2.92 

NSW_11.2-12.4 σRMSE 0.67 0.67 0.71 0.77 0.89 1.14 1.68 

 
σε11.2 2.81 2.81 2.79 2.76 2.70 2.62 2.51 

 
σε12.4 1.30 1.30 1.29 1.27 1.24 1.22 1.23 

 
σPW 0.04 0.04 0.05 0.08 0.14 0.26 0.51 

 
σNEDT11.2 0.41 0.41 0.42 0.42 0.43 0.45 0.47 

 
σNEDT12.4 0.28 0.28 0.28 0.29 0.30 0.32 0.35 

 
σtotal (K) 3.21 3.21 3.20 3.17 3.16 3.17 3.35 

TB σRMSE 0.82 0.83 0.85 0.90 0.98 1.12 1.41 

 
σε10.4 1.56 1.58 1.65 1.79 2.00 2.33 2.80 

 
σε11.2 1.74 1.71 1.62 1.45 1.17 0.71 0.02 

 
σε12.4 1.88 1.87 1.86 1.83 1.77 1.66 1.45 

 
σNEDT10.4 0.19 0.20 0.21 0.23 0.26 0.32 0.40 

 
σNEDT11.2 0.22 0.21 0.20 0.18 0.15 0.09 0.02 

 
σNEDT12.4 0.28 0.28 0.28 0.28 0.28 0.27 0.25 

 
σtotal (K) 3.13 3.13 3.12 3.10 3.10 3.18 3.49 

NTB σRMSE 0.60 0.60 0.62 0.65 0.71 0.81 1.01 

 
σε10.4 1.22 1.24 1.32 1.44 1.63 1.89 2.23 

 
σε11.2 0.96 0.93 0.82 0.64 0.34 0.08 0.70 

 
σε12.4 0.99 0.98 0.96 0.91 0.84 0.72 0.54 

 
σNEDT10.4 0.19 0.19 0.21 0.23 0.27 0.33 0.42 

 
σNEDT11.2 0.20 0.20 0.19 0.17 0.15 0.15 0.20 

 
σNEDT12.4 0.22 0.22 0.22 0.22 0.22 0.21 0.20 

 
σtotal (K) 1.97 1.97 1.96 1.97 2.03 2.22 2.65 
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Table A1  The cloud detection tests at daytime, twilight and nighttime over the land 813 

surface. 814 

 815 

Time zones Tests Scenes Threshold A Threshold B 

Daytime T11.2 – T11.2_clear –12 T11.2_clear – 17 

 
T11.2 – T12.4 

VZA < 5 ° 
c1・exp ( c2 T11.2 ) + 1.0 c1・exp ( c2 T11.2 ) + 2.0 

  
c1 = 1.0769×10–7, c2 = 0.0585 

  
  5 ° ≤ VZA < 15 ° c1 = 1.1638×10–7, c2 = 0.0582 

  
15 ° ≤ VZA < 25 ° c1 = 0.9844×10–7, c2 = 0.0589 

  
25 ° ≤ VZA < 35 ° c1 = 1.2427×10–7, c2 = 0.0584 

  
35 ° ≤ VZA < 45 ° c1 = 1.6049×10–7, c2 = 0.0578 

  
45 ° ≤ VZA < 55 ° c1 = 1.7131×10–7, c2 = 0.0580 

  
55 ° ≤ VZA c1 = 3.9663×10–7, c2 = 0.0558 

 
T11.2 – T3.9 Nonarid – 14 – 18 

  
Arid, semiarid – 20 – 24 

 
R0.64 – R0.64_clear + 0.06 R0.64_clear + 0.14 

  

Winter 

Nonarid: R0.64_clear ≥ 0.08  
0.14 0.22 

 
R0.86 Arid, semiarid 0.26 0.34 

Twilight T11.2 263 ≤ T11.2_clear – 12 T11.2_clear – 12 T11.2_clear – 17 

  
255 ≤ T11.2_clear – 12 < 263 T11.2_clear – 17 T11.2_clear – 22 

 
T11.2 – T12.4 T11.2_clear – 12 < 255 T11.2_clear – 17 – 0.4 (270 – T11.2_clear) T11.2_clear –22 – 0.4 (270 – T11.2_clear) 

  VZA < 5 ° 
c1・exp ( c2 T11.2 ) + 1.0 c1・exp ( c2 T11.2 ) + 2.0 

  
c1 = 1.0769×10–7, c2 = 0.0585 

  
  5 ° ≤ VZA < 15 ° c1 = 1.1638×10–7, c2 = 0.0582 

  
15 ° ≤ VZA < 25 ° c1 = 0.9844×10–7, c2 = 0.0589 

  
25 ° ≤ VZA < 35 ° c1 = 1.2427×10–7, c2 = 0.0584 

  
35 ° ≤ VZA < 45 ° c1 = 1.6049×10–7, c2 = 0.0578 

  
45 ° ≤ VZA < 55 ° c1 = 1.7131×10–7, c2 = 0.0580 

  
55 ° ≤ VZA c1 = 3.9663×10–7, c2 = 0.0558 

 
T11.2 – T3.9 Nonarid – 14 – 18 

  
Arid, semiarid – 20 – 24 

 
R0.64 – R0.64_clear + 0.06 R0.64_clear + 0.14 

  

Winter 

Nonarid: R0.64_clear ≥ 0.08 
0.14 0.22 

 
R0.86 Arid, semiarid 0.26 0.34 

Nighttime T11.2 263 ≤ T11.2_clear – 12 T11.2_clear – 12 T11.2_clear – 17 

  
255 ≤ T11.2_clear – 12 < 263 T11.2_clear – 17 T11.2_clear – 22 

  
T11.2_clear – 12 < 255 T11.2_clear – 17 – 0.4 (270 – T11.2_clear) T11.2_clear –22 – 0.4 (270 – T11.2_clear) 

 
T11.2 – T12.4 

VZA < 5 ° 
c1・exp ( c2 T11.2 ) + 1.0 c1・exp ( c2 T11.2 ) + 2.0 

  
c1 = 1.0769×10–7, c2 = 0.0585 

  
  5 ° ≤ VZA < 15 ° c1 = 1.1638×10–7, c2 = 0.0582 

  
15 ° ≤ VZA < 25 ° c1 = 0.9844×10–7, c2 = 0.0589 

  
25 ° ≤ VZA < 35 ° c1 = 1.2427×10–7, c2 = 0.0584 

  
35 ° ≤ VZA < 45 ° c1 = 1.6049×10–7, c2 = 0.0578 

  
45 ° ≤ VZA < 55 ° c1 = 1.7131×10–7, c2 = 0.0580 

  
55 ° ≤ VZA c1 = 3.9663×10–7, c2 = 0.0558 

 
T7.3 – T11 T11.2 – T3.9 < – 2 – 11 – 8 

 
T11.2 – T3.9 T11.2 – T12.4 < – 1 4 5 

  
– 1 ≤ T11.2 – T12.4 < 2 – (T11.2 – T12.4) + 3.0 – (T11.2 – T12.4) + 4.0 

  
2 ≤ T11.2 – T12.4 1 2 

  T3.9 – T12 – 10 15 

 816 
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Table A2  The cloud detection tests at twilight and nighttime over the snow/ice surface. 817 

 818 

Time zones Tests Scenes Threshold A Threshold B 

Twilight T11.2 268 ≤ T11.2_clear – 12 T11.2_clear – 12 T11.2_clear – 17 

  
255 ≤ T11.2_clear – 12 < 268 T11.2_clear – 17 T11.2_clear – 22 

  
T11.2_clear – 12 < 255 T11.2_clear – 17 – 0.4 (270 – T11.2_clear) T11.2_clear –22 – 0.4 (270 – T11.2_clear) 

 
T11.2 – T12.4 

VZA < 5 ° 
c1・T11.2 – c2 + 0.5 c1・T11.2 – c2 + 1.5 

  
c1 = 0.0527, c2 = 11.9 

  
  5 ° ≤ VZA < 15 ° c1 = 0.0534, c2 = 12.0 

  
15 ° ≤ VZA < 25 ° c1 = 0.0546, c2 = 12.3 

  
25 ° ≤ VZA < 35 ° c1 = 0.0569, c2 = 12.9 

  
35 ° ≤ VZA < 45 ° c1 = 0.0609, c2 = 13.8 

  
45 ° ≤ VZA < 55 ° c1 = 0.0664, c2 = 15.2 

  
55 ° ≤ VZA c1 = 0.0756, c2 = 17.4 

 
T7.3 – T11.2 T11.2 < 220 1 –1 

  
220 ≤ T11.2 < 245 – 0.18 T11.2 + 40.6 – 0.18 T11.2 + 38.6 

  
245 ≤ T11.2 < 255 – 0.60 T11.2 + 143.5 – 0.60 T11.2 + 141.5 

  
245 ≤ T11.2 < 255 – 0.95 T11.2 + 232.75 – 0.95 T11.2 + 230.75 

  
265 ≤ T11.2 –19 –21 

Nighttime T11.2 268 ≤ T11.2_clear – 12 T11.2_clear – 12 T11.2_clear – 17 

  
255 ≤ T11.2_clear – 12 < 268 T11.2_clear – 17 T11.2_clear – 22 

  
T11.2_clear – 12 < 255 T11.2_clear – 17 – 0.4 (270 – T11.2_clear) T11.2_clear –22 – 0.4 (270 – T11.2_clear) 

 
T11.2 – T12.4 

VZA < 5 ° 
c1・T11.2 – c2 + 0.5 c1・T11.2 – c2 + 1.5 

  
c1 = 0.0527, c2 = 11.9 

  
  5 ° ≤ VZA < 15 ° c1 = 0.0534, c2 = 12.0 

  
15 ° ≤ VZA < 25 ° c1 = 0.0546, c2 = 12.3 

  
25 ° ≤ VZA < 35 ° c1 = 0.0569, c2 = 12.9 

  
35 ° ≤ VZA < 45 ° c1 = 0.0609, c2 = 13.8 

  
45 ° ≤ VZA < 55 ° c1 = 0.0664, c2 = 15.2 

  
55 ° ≤ VZA c1 = 0.0756, c2 = 17.4 

 
T7.3 – T11.2 T11.2 < 220 1 – 1 

  
220 ≤ T11.2 < 245 – 0.18 T11.2 + 40.6 – 0.18 T11.2 + 38.6 

  
245 ≤ T11.2 < 255 – 0.60 T11.2 + 143.5 – 0.60 T11.2 + 141.5 

  
245 ≤ T11.2 < 255 – 0.95 T11.2 + 232.75 – 0.95 T11.2 + 230.75 

  
265 ≤ T11.2 – 19 – 21 

 
T11.2 – T3.9 – 0.5 0.7 

  T3.9 – T12.4 – 3.5 4.5 

 819 


