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Abstract 32 

 33 

An observation operator to assimilate satellite radiances with the Non-hydrostatic 34 

Icosahedral Atmospheric Model (NICAM)-based Local Ensemble Transform Kalman Filter 35 

(LETKF) is newly developed using the radiative transfer model RTTOV (Radiative 36 

Transfer for the TOVS (TIROS Operational Vertical Sounder)) version 11.1. Here we 37 

assimilate the Advanced Microwave Sounding Unit-A (AMSU-A) brightness temperature 38 

observations which are known to bring a large improvement to global numerical weather 39 

prediction. We apply the online estimation of bias correction for both airmass and scan 40 

biases, or the biases originating from the atmospheric state and scan position. Comparing 41 

the two experiments with and without the AMSU-A radiances, we find that the adaptive 42 

bias correction methods work appropriately, and that the analysis is significantly improved 43 

by assimilating the AMSU-A radiances. This is an important step toward assimilating 44 

different types of satellite radiances with NICAM-LETKF. 45 

 46 

Keywords: data assimilation, numerical weather prediction, satellite radiances, AMSU-47 

A, bias correction 48 

49 
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Introduction 50 

For more accurate numerical weather prediction (NWP), improving data assimilation is 51 

essential. Before the satellite era, atmospheric observations were mostly based on the in-52 

situ measurements such as radiosondes and surface stations, distributed mainly over land 53 

and very scarcely over the ocean. Since 1979, a number of Earth-observing satellites have 54 

been launched and continuously giving us a large amount and a wide variety of data. Many 55 

kinds of satellite instruments have been deployed to observe various physical quantities. 56 

Among others, the Advanced Microwave Sounding Unit-A (AMSU-A), a multi-channel 57 

microwave radiometer sensitive to the atmospheric temperature profile, is known to be very 58 

useful for global NWP. 59 

The AMSU-A onboard spacecraft NOAA-15 was first launched in 1998. Since then, the 60 

AMSU-A has been equipped on several satellites and has a large spatial coverage. Previous 61 

studies (e.g., English et al. 2000; Baker et al. 2005; Miyoshi et al. 2010) reported positive 62 

impacts on global NWP by assimilating the AMSU-A radiances with both variational and 63 

ensemble-based data assimilation methods. Liu et al. (2012) reported that the analysis and 64 

forecast accuracy of tropical cyclones was improved by assimilating the AMSU-A radiances 65 

in an ensemble Kalman filter (EnKF) system. Ota et al. (2013) showed that the AMSU-A had 66 

the largest impact on reducing the forecast error with the National Centers for Environmental 67 

Prediction (NCEP) Global Forecasting System (GFS). 68 

Bias correction plays an important role in assimilating satellite radiances. The biases 69 
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can be divided into two components: the airmass bias due to the atmospheric state, and the 70 

scan bias due to the scan position. Miyoshi et al. (2010) assimilated the AMSU-A radiances 71 

by estimating and correcting the airmass bias adaptively, but the scan bias was estimated 72 

offline by using long-term statistics. Baker et al. (2005) estimated and corrected the scan 73 

bias of the AMSU-A radiances at each scan position to be the time-mean observation-minus-74 

first-guess innovation at nadir over recent fifteen days. In this study, the scan bias is 75 

estimated adaptively based on the observation-minus-first-guess statistics and updated 76 

every assimilation cycle in a similar manner as the airmass bias. This is a unique part of this 77 

study.  78 

Data thinning is also important. Satellite radiances are known to have correlated errors 79 

in space and between channels. It is common to apply spatial thinning and not to use 80 

channels with highly-correlated errors so that we can neglect the error correlations. Terasaki 81 

et al. (2015) thinned the non-radiance observations based on the regular latitude-longitude 82 

grid, but the grid becomes denser in the high-latitudes. Therefore, in this study, we improve 83 

the spatial thinning algorithm to use a reduced grid in the higher latitudes. 84 

Terasaki et al. (2015) applied the Local Ensemble Transformed Kalman Filter (LETKF, 85 

Hunt et al. 2007; Miyoshi and Yamane 2007) to the Non-hydrostatic ICosahedral 86 

Atmospheric Model (NICAM, Satoh et al. 2014) and assimilated non-radiance observations 87 

with promising results. In this study, we extend the existing NICAM-LETKF system to 88 

assimilate the AMSU-A radiances for further improvement. The Atmospheric Infrared 89 



 4 

Sounder (AIRS) and Infrared Atmospheric Sounding Interferometer (IASI) are also important 90 

for NWP; they are so-called hyperspectral sounders with thousands of channels. It is more 91 

challenging to assimilate them because of the large number of channels and because the 92 

infrared sounders are generally more affected by clouds than microwave sounders, although 93 

operational systems already assimilate them for selected channels in the clear-sky condition 94 

(Collard et al. 2009; Hilton et al. 2009). As the first step of satellite data assimilation with 95 

NICAM, we start with the AMSU-A in this study. 96 

The AMSU-A radiances has long been assimilated in the operational NWP systems, but 97 

the research community does not necessarily have an easy access to the operational 98 

systems for research purposes. This study is the first attempt of assimilating satellite 99 

radiances with NICAM-LETKF and aims to provide a testbed for the research community to 100 

study an important field of satellite radiance data assimilation. Therefore, this paper mainly 101 

focuses on describing the technical aspects of assimilating the AMSU-A radiances in the 102 

NICAM-LETKF system such as observation thinning and bias correction. 103 

To assimilate the satellite observations at asynoptic time, the three-dimensional LETKF 104 

(3D-LETKF) of Terasaki et al. (2015) was extended to the four-dimensional LETKF (4D-105 

LETKF, Hunt et al. 2007). Next, we implement the radiative transfer model known as the 106 

RTTOV which stands for the Radiative Transfer for the TOVS (TIROS Operational Vertical 107 

Sounder) version 11.1 (Saunders et al. 2013). The RTTOV allows assimilating various 108 

radiance data relatively in a straightforward manner. This study would be an important first 109 
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step toward assimilating different types of satellite radiances in future studies. 110 

This paper is organized as follows. Section 2 describes the data assimilation method. 111 

The experimental settings and results are presented in section 3. Sections 4 provides the 112 

summary and conclusions. 113 

 114 

2 Data assimilation method 115 

2.1 Improvements to the NICAM-LETKF system 116 

The existing NICAM-LETKF system (Terasaki et al. 2015) assimilated only conventional 117 

observations at synoptic time, i.e., every 6 hours. However, the satellite observations bring 118 

us a large amount of continuous data in time. Therefore, we need to improve the existing 119 

NICAM-LETKF system for assimilating satellite radiances at asynoptic time. NICAM-LETKF 120 

contains an observation operator which converts the NICAM model variables to the 121 

observed variables through spatial interpolation and variable conversion. We developed the 122 

observation operator using the RTTOV, which simulates brightness temperature by taking 123 

inputs of the vertical profiles of pressure, temperature, and specific humidity, and surface 124 

variables such as surface pressure, skin temperature, water vapor, and zonal and meridional 125 

winds. First, we interpolate the first guess from the model grid point to the observed location 126 

in the horizontal. Brightness temperature can be obtained by the RTTOV using the spatially 127 

interpolated first guess. The model top in the RTTOV is set to 0.01 hPa, much higher than 128 

the NICAM model top used in this study, i.e., 40 km. The RTTOV automatically extrapolates 129 
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the input atmospheric profiles from the model vertical grid to the RTTOV model grid. 130 

To assimilate asynoptic observations, we need to improve the 3D-LETKF of Terasaki et 131 

al. (2015) to the 4D-LETKF. In the 3D-LETKF, we run the ensemble forecast for 6 hours, and 132 

all observations are treated as observed at the analysis time. In the 4D-LETKF, we run the 133 

ensemble forecast for 9 hours, and take a 6-hour assimilation window centered at the 134 

analysis time, say, time 0. The forecast states are output every hour from -3 to +3 hours. 135 

Observation data are separated into hourly data during the decoding process. 136 

Terasaki et al. (2015) used the 3D-LETKF and assimilated only a part of the available 137 

conventional observations within an hourly slot from -0.5 to +0.5 hours. 4D-LETKF allows to 138 

assimilate all the asynoptic observations from -3 to +3 hours. The 4D-LETKF is essential for 139 

assimilating satellite observations made continuously in time. In this study, observations 140 

from -3 to +3 hours are assimilated by extending the 3D-LETKF to the 4D-LETKF. 141 

Alternatively, it is possible to run hourly 3D-LETKF cycles, but that is different from 142 

operational setups at the NCEP and JMA as shown in Fig. 3a. Namely, hourly 3D-LETKF 143 

cycles cannot analyze at time 0 using the observations from +1 to +3 hours. Moreover, hourly 144 

3D-LETKF cycles have a significantly more I/O load. Therefore, we focus on the 4D-LETKF 145 

system in this study. 146 

 147 

2.2 Observation data 148 

The brightness temperature observations measured by AMSU-A onboard the NOAA-149 
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15, 16, 18, 19 and METOP-A (METOP-2 in the BUFR table) spacecraft (available at 150 

http://rda.ucar.edu/datasets/ds735.0/) are assimilated in addition to the conventional 151 

observations. Figure 1 shows the horizontal distribution of the AMSU-A observations during 152 

6 hours from 2100 UTC 30 November 2011 to 0300 UTC 1 December 2011, totaling 386,412 153 

profiles. As for the conventional observations, we follow Terasaki et al. (2015) and assimilate 154 

the NCEP PREPBUFR data (http://rda.ucar.edu/datasets/ds337.0/) including radiosondes, 155 

wind profilers, aircraft reports, surface pressure, atmospheric motion vectors (AMVs) and 156 

sea surface winds from satellite scatterometers and Special Sensor Microwave 157 

Imager/Sounder (SSMI/S). 158 

 159 

2.3 Channel selection 160 

Table 1(a) shows the list of the AMSU-A channels used in the JMA’s operational data 161 

assimilation system (JMA, 2013). In JMA, the channels from 4 to 13 of the AMSU-A 162 

radiances are assimilated, onboard the Aqua, METOP-A, NOAA-15, 16, 18, and 19 163 

spacecraft. Table 1(b) shows the list of the selected channels in this study. Since the model 164 

top height of the NICAM-LETKF in this study is relatively low at 40 km, and since the 165 

numerical diffusion is applied above 20 km in the model simulation, we decided not to 166 

assimilate the channels 9 and beyond which are sensitive to the stratosphere and 167 

mesosphere. It is also difficult to assimilate the lower channels such as 4 and 5 which are 168 

sensitive to the lower troposphere and the Earth’s surface since the quality control is too 169 
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much simplified in this study (cf. section 2.6). Following the JMA’s channel selection, the 170 

channels 7 and 8 of NOAA-16 and channel 8 of NOAA-19 are not used because of the 171 

degradation of the observation quality informed by the operational satellite centers. Also, we 172 

decided not to assimilate channel 6 of NOAA-15 because we found unrealistic behaviors in 173 

the scan bias estimation (not shown). As shown in Table 1(b), the observation error standard 174 

deviation is set to 0.3 K for all channels following the JMA’s setting. 175 

 176 

2.4 Observation thinning 177 

Terasaki et al. (2015) thinned the conventional observations by constructing a virtual 178 

regular latitude-longitude grid and selecting the nearest observations from every grid point 179 

of the virtual grid. This thinning method relies on the virtual grid, and the regular latitude-180 

longitude grid makes denser observations in the higher latitudes. This choice did not cause 181 

a problem in Terasaki et al. (2015) since the conventional observation coverage is relatively 182 

sparse in the high latitudes. However, the polar-orbiting satellite observations are dense in 183 

the high latitudes, so that we need to improve the treatment there. To make the distribution 184 

of the observations uniform globally, the method of constructing the uniform virtual grid is 185 

developed as follows: 186 

i. Define the horizontal resolution 187 

ii. Determine the number of meridional grid points by dividing the distance from the 188 

South Pole to the North Pole by the horizontal resolution 189 
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iii. Determine the number of the zonal grid points by dividing the circumference by the 190 

horizontal resolution at each latitudinal grid location 191 

The advantage of this method is that we can choose any spatial density. 192 

The observation thinning is important when the observations have correlated errors. 193 

Bormann et al. (2010) showed that the NOAA-18 AMSU-A radiances have the spatially 194 

correlated errors. Table 2 shows the JMA and ECMWF (European Centre for Medium-Range 195 

Weather Forecasts) operational setups of the thinning distances for the AMSU-A radiances 196 

and the resolution for data assimilation (i.e., 4D-Var inner model resolution). In this study, 197 

the AMSU-A observations are thinned by 250 km following the JMA’s setting (Okamoto et 198 

al. 2005). Further sensitivity to the thinning distance is beyond the scope of this study. Figure 199 

2 illustrates the virtual grid defined by this method. 200 

When the orbits of the multiple satellites with AMSU-A overlap, we consider a priority 201 

rule according to the time of observation. It is natural to assume that the observations made 202 

at the closest time to the analysis time have a priority (Fig. 3a). The observations at -1 hour 203 

and +1 hour have the same distance from the analysis time. In this case, we give a priority 204 

to the observations at -1 hour. This choice is arbitrary with no theoretical basis. We may 205 

choose to give a priority to the observations at +1 hour, but we would not expect that one 206 

should be better than the other. Therefore, we do not investigate sensitivity about this choice. 207 

Figure 3b shows the horizontal distributions of the AMSU-A observations after thinning, and 208 

the number of the observations becomes 7,128, about 2.3% of the total 386,412 inputs. 209 
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 210 

2.5 Bias correction 211 

It is known that the satellite radiances have two sources of bias: the scan position (scan 212 

bias 𝑏𝑠𝑐𝑎𝑛 ) and the atmospheric state (airmass bias 𝑏𝑎𝑖𝑟  ). It is essential to correct the 213 

observation bias before data assimilation. The scan bias and the airmass bias are estimated 214 

separately, and are subtracted from the observed radiances. In this study, the airmass bias 215 

is corrected based on the ensemble-based variational bias correction method (VarBC) 216 

proposed by Miyoshi et al. (2010). VarBC was proposed by Derber et al. (1998) and has 217 

been used operationally at major centers including JMA, NCEP and ECMWF. The airmass 218 

bias is written by 𝑏𝑎𝑖𝑟 = 𝐩T𝛃 , where 𝐩  denotes the predictors. Here we choose the 219 

following predictors: the integrated weighted lapse rate (IWLR, K) at two layers: 1000 hPa – 220 

200 hPa, 200 hPa – 50 hPa, surface temperature (K), and the inverse cosine of satellite 221 

zenith angle (unitless). 𝛃 denotes the regression coefficients. Table 3 compares the choices 222 

of the predictors with other studies (Miyoshi et al. 2010; Bormann et al. 2010). We drop 223 

constant in this study since the constant biases are estimated as the scan bias in a separate 224 

process as described below. Cloud water content is also dropped because the AMSU-A 225 

radiances affected by cloud and rain are rejected in the quality control process by the 226 

observation-based liquid water path (LWP, see section 2.6). We also confirmed from a 227 

preliminary sensitivity experiment that the amount of the airmass bias correction was not 228 

sensitive to the cloud water content (not shown). The AMSU-A channels 6, 7, and 8 are 229 



 11 

sensitive to the levels from the upper troposphere to the lower stratosphere (Fig. 4), so that 230 

we decided not to include these two layers (50 hPa – 5 hPa and 10 hPa – 1 hPa) for IWLR. 231 

These predictors should be added when the channels > 8 sensitive to the stratosphere are 232 

assimilated. 233 

The coefficients 𝛃 are estimated using the analysis mean state at every assimilation 234 

cycle with the ensemble-based VarBC (Miyoshi et al. 2010). In this formula, a reference 235 

observation number 𝑁𝑚𝑖𝑛 controls how fast the coefficients 𝛃 vary (Eq. 5 in Miyoshi et al. 236 

2010). 𝛃 changes faster (slower) when the actual number of the observations 𝑁 is larger 237 

(smaller) than 𝑁𝑚𝑖𝑛. In this study, 𝑁𝑚𝑖𝑛 was chosen to be 400 following the previous studies 238 

(Sato 2007; Miyoshi et al. 2010).  239 

The scan bias is also estimated online using the observation-minus-first-guess statistics 240 

every assimilation cycle. The scan bias is updated by mixing with that at the previous 241 

assimilation cycle: 242 

𝑏𝑡
𝑠𝑐𝑎𝑛𝑛𝑒𝑤(𝑛) = 𝛼𝑏𝑡−1

𝑠𝑐𝑎𝑛(𝑛) + (1 − 𝛼)(𝑏𝑡
𝑠𝑐𝑎𝑛𝑒𝑠𝑡(𝑛) − 𝑏𝑡−1

𝑠𝑐𝑎𝑛(𝑛)),   (1) 243 

where n indicates the footprint number or the field of view (4-27 for AMSU-A), and 𝛼 is set 244 

to 0.97 in this study. (1 − 𝛼) is a forgetting factor which controls how fast the scan bias 245 

estimate varies: larger 𝛼  corresponds to a smaller forgetting factor and smoother time 246 

series. 𝛼 = 0.97 results in smooth time series while drifting in a time frame about a month 247 

(cf. Fig. 8). With Eq. (1), the scan bias estimate does not converge to the true bias when the 248 

true bias is fixed in time (see Appendix A). Alternatively, if we use the following formula, the 249 
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scan bias estimate converges to the true value: 250 

𝑏𝑡
𝑠𝑐𝑎𝑛𝑛𝑒𝑤(𝑛) = 𝛼𝑏𝑡−1

𝑠𝑐𝑎𝑛(𝑛) + (1 − 𝛼)𝑏𝑡
𝑠𝑐𝑎𝑛𝑒𝑠𝑡(𝑛).     (2) 251 

Despite the imperfect formulation of Eq. (1), we choose to use Eq. (1) by considering 252 

significant model biases of NICAM. It is known that NICAM with low resolution and a low 253 

model top like this study’s settings has a larger model bias than the operational models (H. 254 

Yashiro, personal communications). Since the online bias correction method does not 255 

distinguish biases coming from the observation and model, the estimated scan bias 256 

inevitably contains the model bias. Using Eq. (1), we can reduce the impact of the model 257 

bias significantly, although we underestimate the scan bias. We performed preliminary 258 

sensitivity experiments using Eq. (2) and found that using Eq. (1) gave the better results (not 259 

shown).  260 

The scan bias 𝑏𝑡
𝑠𝑐𝑎𝑛𝑒𝑠𝑡(𝑛) is derived by averaging the observation-minus-first-guess 261 

statistics at every footprint before any bias correction. Footprint numbers 1-3 and 28-30 are 262 

near the swath edges and are not used because they are known to have relatively large 263 

biases due to the limb effect. Namely, the longer atmospheric path away from the nadir 264 

makes the atmospheric absorption larger. The observations only over the ocean are used 265 

to estimate the scan bias. In addition, to avoid using the observations affected by cloud and 266 

rain, the observations are not used to estimate the scan bias when the LWP derived from 267 

the channels 1 and 2 of the observed AMSU-A radiances exceeds 0.02 kg kg-1 (Ralf, 2002). 268 

The initial values of the airmass bias coefficients (𝛃) and the scan bias (𝑏𝑠𝑐𝑎𝑛) are set to 269 
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zero, so that we can find the convergence of these estimates. 270 

 271 

2.6 Quality control 272 

A quality control of the observations should be performed before the data assimilation 273 

process. In this study, we apply a simple quality control as follows: 274 

 Reject over land for channels 6 and 7. 275 

 Reject channels 6 and 7 when the LWP exceeds 0.12 kg kg-1, and reject channel 8 276 

when the LWP exceeds 0.15 kg kg-1 over the ocean. 277 

 Reject when the absolute value of the observation-minus-first-guess is more than three 278 

times of the observation error standard deviation (a.k.a. gross error check). 279 

The quality control is applied after thinning. For conventional observations, we apply the 280 

gross error check during the data assilation process. 281 

 282 

3 Experiments 283 

3.1 Settings 284 

We follow the experiment of Terasaki et al. (2015) with conventional observations, but 285 

assimilate additional asynoptic conventional observations and the AMSU-A radiances. The 286 

data assimilation experiments are performed for two months from 0000 UTC 1 November 287 

2011 to 1800 UTC 31 December 2011. The initial conditions are randomly chosen from the 288 

NCEP Final Analysis (FNL) in October, November, and December from 2008 to 2010. The 289 
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NICAM grid division level 6 (approximately 112-km horizontal resolution) with 38 vertical 290 

levels is used. The model top is 40 km or about 3 hPa. The ensemble size is fixed at 40. 291 

Spatially-dependent multiplicative covariance inflation is applied with the inflation factors 292 

adaptively estimated at each grid point (Miyoshi, 2011). Covariance localization based on 293 

the Gaussian function is applied with the standard deviations σ = 400 km in the horizontal 294 

and 0.4 in the vertical natural-log-pressure coordinate, but replaced by zero beyond 295 

2√10/3 𝜎.  296 

When applying localization, it is straightforward for in-situ observations such as 297 

radiosondes and surface stations since they measure the atmospheric condition at a specific 298 

location. However, the satellite radiances are obtained as a result of the complex 299 

atmospheric radiative transfer process, and it is not trivial what vertical localization should 300 

be applied. In this study, we follow the Canadian operational EnKF system (Houtekamer et 301 

al. 2005) and use the Gaussian localization function in the same way as the in-situ 302 

observations, but using the level of the maximum value of the weighting function from the 303 

RTTOV as the observed location. Figure 4 shows the vertical profiles of the normalized 304 

weighting functions of the NOAA-18 AMSU-A radiances at an arbitrarily chosen location over 305 

the ocean (143.07°E, 46.01°S), 0000 UTC 31 December 2011, at which LWP is small (0.012 306 

kg kg-1). Figure 4 shows that the Gaussian localization functions used in this study are 307 

narrower than the weighting functions for all channels. Larger localization may be more 308 

suitable for radiances, and sensitivity to the localization scale is a subject of future research. 309 
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 310 

3.2 Results 311 

First, we conducted the control experiment assimilating only the conventional 312 

observations. Figure 5a shows the global mean of the root mean square deviations (RMSD) 313 

for temperature from the ERA-Interim (Dee et al. 2011). The RMSD decreases rapidly and 314 

converges within a week. The results show that the NICAM-LETKF system with assimilating 315 

only the conventional observations runs stably for 2 months. 316 

Figure 5b shows the RMSD with additional AMSU-A radiances assimilated with bias 317 

correction. Figure 5d shows the differences of the RMSD between Figs. 5a and 5b, 318 

highlighting the impact of AMSU-A radiance data assimilation. The cold colors correspond 319 

to the improvement due to the AMSU-A radiances. The results indicate general improvement 320 

by assimilating the AMSU-A radiances. The lowest RMSD appears around the mid-321 

troposphere (from 500 to 300 hPa) where the channel 6 of AMSU-A is sensitive. We find 322 

slight degradations near the tropopause. The maximum improvement of the temperature 323 

analysis by assimilating the AMSU-A radiances relative to the control experiment with only 324 

conventional observations reaches about 25 % around 100 hPa in the middle of November 325 

and around 250 hPa in the middle of December. The impact of AMSU-A is not as large in 326 

the lower troposphere, probably because the channels sensitive to the lower troposphere 327 

are not assimilated in this study. To investigate the impact of bias correction for the AMSU-328 

A radiances, we performed an experiment without bias correction (Fig. 5c). The results show 329 
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that the analysis is clearly degraded without bias correction. Namely, bias correction is 330 

essential in assimilating the AMSU-A radiances. Hereafter, we apply bias correction unless 331 

otherwise noted. 332 

Figure 6 illustrates the horizontal distributions of the mean absolute differences (MAD) 333 

relative to the ERA-Interim. The MAD for temperature at 500 hPa is mostly less than 1.0 K 334 

in both experiments over land where the conventional observations such as radiosondes 335 

and surface observation stations are denser. The MAD over the ocean is relatively large 336 

because the conventional observations are sparser. However, assimilating the AMSU-A 337 

radiances can compensate for the sparse conventional observations, where the AMSU-A 338 

radiances have more impact. Some degradations are found over the region covered by the 339 

stratocumulus off the South American west coast. Otherwise, the analysis fields are 340 

generally improved by assimilating the AMSU-A radiances. 341 

Figure 7 shows the monthly-mean analysis ensemble spread for temperature at 500 342 

hPa. The ensemble spread became smaller by assimilating the AMSU-A data over the ocean 343 

in the Southern Hemisphere and the North-East Pacific Ocean, similarly to the reduction of 344 

MAD in general (Fig. 6). However, in some areas over the Indian Ocean and West and 345 

Middle Pacific Ocean, we find the reduction of MAD while the ensemble spread is not 346 

reduced much (white areas in Fig. 6c). It is not surprising to find such occasional differences 347 

because the ensemble spread and MAD are affected by various factors such as adaptive 348 

spread inflation and model errors. The general agreement of the reduction between the 349 
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ensemble spread and MAD suggests that the system perform appropriately. 350 

Figure 8 shows the estimated airmass bias correction coefficients and scan bias for 351 

channel 6 of NOAA-18. The coefficients of IWLR (1000-200 hPa), surface temperature and 352 

satellite zenith angle rapidly spin up within the first two weeks. However, the coefficient of 353 

IWLR (200-50 hPa) changes only little because the channel 6 of the AMSU-A radiances is 354 

not sensitive to this layer. The airmass bias correction coefficients are generally converging 355 

in the two-month period, but some of the coefficients are slowly drifting (Fig. 8a). The time 356 

series of the scan bias also showed rapid convergence for the first week (Fig. 8b). The scan 357 

bias has almost converged after one month. The negative coefficients of IWLR and the 358 

positive coefficient of surface temperature imply biases coming from NICAM and the RTTOV. 359 

The structure of the estimated scan bias for channel 6 of NOAA-18 shows that the scan bias 360 

becomes larger near the swath edges. 361 

Figure 9a shows the horizontal distribution of the observation minus the first guess for 362 

channel 6 of the AMSU-A without bias correction after 2 months from the beginning of the 363 

experiment. We find general negative biases as large as 2 K which becomes larger toward 364 

the swath edges. The bias correction removes the biases effectively (Fig. 9b). Figure 9d and 365 

9e show the bias correction contributions from the airmass bias and the scan bias, 366 

respectively. Both biases have a very similar magnitude, while the airmass bias seems to 367 

be relatively smaller in the higher latitudes than in the tropics and mid-latitudes. This may 368 

arise from smaller lapse rate and lower surface temperature in the higher latitudes. Figure 369 
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9b shows the horizontal distribution of the observation minus the first guess after the bias 370 

corrections, i.e. the values of the Figs. 9d and 9d are subtracted from Fig. 9a. Rain patterns 371 

from the Near Real Time (NRT) version of the Global Satellite Mapping of Precipitation 372 

(GSMaP, Kubota et al. 2007) are shown on Fig. 9c to see how effective the quality control 373 

with LWP rejects the AMSU-A radiances affected by rain. GSMaP provides rain patterns 374 

from 60 °S to 60 °N at 0.1-degree resolution. Figure 9b shows that the AMSU-A data points 375 

do not appear over the rain areas, implying that the quality control by LWP works well. 376 

 377 

4 Summary and discussion 378 

This study extended the existing NICAM-LETKF system to assimilate the satellite 379 

radiances in addition to the conventional observations only at the synoptic time. The 3D-380 

LETKF was first improved to 4D-LETKF to assimilate asynoptic observations, and an 381 

observation operator for calculating the satellite-observed brightness temperature from the 382 

model variables was developed using the radiative transfer model RTTOV version 11.1. This 383 

is the first study assimilating the AMSU-A radiances with NICAM, and would be an important 384 

first step toward assimilating various satellite radiances since the RTTOV can compute 385 

various types of satellite radiances. 386 

To assimilate the AMSU-A radiances appropriately, the spatial thinning method was 387 

improved for spatial homogeneity. It is common to apply spatial thinning to avoid a potential 388 

degradation due to neglecting the spatial error correlations in data assimilation. This study 389 
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is the first attempt to assimilate the satellite radiances in the NICAM-LETKF system, and we 390 

simply followed the JMA’s operational setting. It is an open question if including the error 391 

correlations explicitly in data assimilation is more beneficial than thinning, and this remains 392 

to be a subject of future research. 393 

It is generally essential to apply a proper quality control to the satellite radiances. In this 394 

study, we applied the quality control to the AMSU-A radiances based on LWP derived from 395 

the observations and the gross error check. The results showed that the quality control by 396 

the observation-based LWP could effectively reject the AMSU-A radiances affected by rain. 397 

Satellite observations are generally known to have biases consisting of the scan bias 398 

and the airmass bias. It is a common practice that the scan bias is estimated offline using 399 

long-term statistics of the observation-minus-first guess statistics. In this study, we 400 

developed an online estimation method of the scan bias based on the observation-minus-401 

first-guess statistics. Since the scan bias estimates depend not only on the scan bias itself 402 

but also on the model bias, it is not trivial to evaluate the accuracy of the estimated scan 403 

bias by comparing with, for example, the scan bias values used in the operational systems. 404 

Nevertheless, the results showed general improvements by estimating the scan and airmass 405 

biases adaptively, while the experiment without bias correction showed clear degradation. 406 

In summary, we obtained general positive impacts by assimilating the AMSU-A radiances 407 

with the NICAM-LETKF system. The system can be used as a testbed in the research 408 

community to assimilate satellite radiances which are not yet used in the operational 409 
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systems. Also, it is an important future direction to assimilate various satellite radiances in 410 

all-sky conditions. 411 
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Appendix A: Convergence of scan bias estimation 422 

In this study, the scan biases are estimated adaptively using the observation-minus-first-423 

guess statistics every assimilation cycle with the following equation (Eq. (1) in main text): 424 

𝑏𝑡
𝑠𝑐𝑎𝑛𝑛𝑒𝑤(𝑛) = 𝛼𝑏𝑡−1

𝑠𝑐𝑎𝑛(𝑛) + (1 − 𝛼) (𝑏𝑡
𝑠𝑐𝑎𝑛𝑒𝑠𝑡(𝑛) − 𝑏𝑡−1

𝑠𝑐𝑎𝑛(𝑛)),      (𝛼 ≠ 1). 425 

Let 𝛽 and 𝑥 be the true scan bias and estimated bias at 𝑡 → ∞, respectively. We can 426 

derive 𝑥 as follows: 427 

𝑥 = 𝛼𝑥 + (1 − 𝛼)(𝛽 − 𝑥), 428 

2(1 − 𝛼)𝑥 = (1 − 𝛼)𝛽, 429 

𝑥 =
𝛽

2
 . 430 

Therefore, if the true bias is fixed in time, the estimated bias asymptotically approaches to 431 

a half of the true bias. 432 

 433 

  434 
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List of Figures 508 

 509 

Fig. 1. Horizontal distribution of the AMSU-A radiances before thinning during a 6-hour 510 

period from 2100 UTC 30 November to 0300 UTC 1 December 2011. The observations 511 

of NOAA-15, 16, 18 19, and METOP-A are plotted with different colors as shown in 512 

legend. The number of footprints totals 386,412 for the 6-hour period. 513 

 514 

Fig. 2 Virtual horizontal grids for observation thinning. The thinning interval is set at 250 515 

km. 516 

 517 

Fig. 3. (a) Schematic of 4D-LETKF, modified from Fig. 1 of Miyoshi et al. (2010). Red 518 

numbers indicate the priority for temporal thinning in the descending order. (b) 519 

Horizontal distributions of AMSU-A observations after thinning. Black dots indicate the 520 

model grid points. 521 

 522 

Fig. 4. Normalized weighting functions (solid) of the AMSU-A radiances of NOAA-18 523 

channels 6, 7 and 8 (see legend) at an arbitrarily chosen location and time (143.07°E, 524 

46.01°S, 0000 UTC 31 December 2011). Dashed lines indicate the Gaussian localization 525 

functions used in this study. 526 

 527 
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Fig. 5. Time series of the globally-averaged root mean square differences (RMSD) for 528 

temperature (K) relative to the ERA-Interim for the experiments (a) with PREPBUFR 529 

only, (b, c) with additional AMSU-A with and without bias corrections, respectively. (d) 530 

shows the difference between (a) and (b), with negative values corresponding to the 531 

advantage by assimilating the AMSU-A radiances. The horizontal and vertical axes 532 

represent the date and pressure level, respectively. 533 

 534 

Fig. 6 Horizontal map of the mean absolute differences (MAD) for temperature (K) at 500 535 

hPa relative to the ERA-Interim averaged over a month from 0000 UTC 1 December to 536 

1800 UTC 31 December 2011 for the experiments (a) with PREPBUFR only, and (b) 537 

with additional AMSU-A. (c) shows the difference between (a) and (b) with negative 538 

values (blue) corresponding to the advantage by assimilating the AMSU-A radiances. 539 

 540 

Fig. 7 Similar to Fig. 6, but for the analysis ensemble spread. The negative values in (c) 541 

indicate the analysis ensemble spread smaller due to additional AMSU-A data 542 

assimilation. 543 

 544 

Fig. 8. (a) Time series of the estimated airmass bias correction coefficients for channel 6 of 545 

NOAA-18. Black and purple lines show the coefficients for integrated weighted lapse 546 

rate (IWLR, no unit) from 1000 hPa to 200 hPa (troposphere) and from 200 hPa to 50 547 
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hPa (stratosphere), respectively. Orange and red lines show the coefficients for surface 548 

temperature (no unit) and satellite zenith angle (K), respectively. (b) Time series of the 549 

estimated scan bias (K) for each scan position (footprint numbers from 4 to 27 in 550 

ordinate) for channel 6 of NOAA-18.  551 

 552 

Fig. 9. Horizontal distributions of AMSU-A channel 6 brightness temperature (K) of NOAA-553 

15, 16, 18, 19, and METOP-A at 0000 UTC 31 December 2011 for (a, b) the observation 554 

minus the first guess without and with bias correction, respectively, (c) rain rate (mm 6h-555 

1) from the GSMaP NRT product, (d) airmass bias, and (e) scan bias. 556 
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Fig. 1. Horizontal distribution of the AMSU-A radiances before thinning during a 6-

hour period from 2100 UTC 30 November to 0300 UTC 1 December 2011. The 

observations of NOAA-15, 16, 18 19, and METOP-A are plotted with different colors 

as shown in legend. The number of footprints totals 386,412 for the 6-hour period. 
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Fig. 2. Virtual horizontal grids for observation thinning. The thinning interval is set 

at 250 km. 
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Fig. 3. (a) Schematic of 4D-LETKF, modified from Fig. 1 of Miyoshi et al. (2010). Red 

numbers indicate the priority for temporal thinning in the descending order. (b) Horizontal 

distributions of AMSU-A observations after thinning. Black dots indicate the model grid 

points. 

 561 

  562 



 32 

 

Fig. 4. Normalized weighting functions (solid) of the AMSU-A radiances of NOAA-18 

channels 6, 7 and 8 (see legend) at an arbitrarily chosen location and time (143.07°E, 

46.01°S , 0000 UTC 31 December 2011). Dashed lines indicate the Gaussian 

localization functions used in this study. 
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Fig. 5. Time series of the globally-averaged root mean square differences (RMSD) 

for temperature (K) relative to the ERA-Interim for the experiments (a) with 

PREPBUFR only, (b, c) with additional AMSU-A with and without bias corrections, 

respectively. (d) shows the difference between (a) and (b), with negative values 

corresponding to the advantage by assimilating the AMSU-A radiances. The 

horizontal and vertical axes represent the date and pressure level, respectively. 
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Fig. 6. Horizontal map of the mean absolute differences (MAD) for temperature (K) 

at 500 hPa relative to the ERA-Interim averaged over a month from 0000 UTC 1 

December to 1800 UTC 31 December 2011 for the experiments (a) with PREPBUFR 

only, and (b) with additional AMSU-A. (c) shows the difference between (a) and (b) 

with negative values (blue) corresponding to the advantage by assimilating the 

AMSU-A radiances. 
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Fig. 7. Similar to Fig. 6, but for the analysis ensemble spread. The negative values in 

(c) indicate the analysis ensemble spread smaller due to additional AMSU-A data 

assimilation. 
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Fig. 8. (a) Time series of the estimated airmass bias correction coefficients for 

channel 6 of NOAA-18. Black and purple lines show the coefficients for 

integrated weighted lapse rate (IWLR, no unit) from 1000 hPa to 200 hPa 

(troposphere) and from 200 hPa to 50 hPa (stratosphere), respectively. Orange 

and red lines show the coefficients for surface temperature (no unit) and 

satellite zenith angle (K), respectively. (b) Time series of the estimated scan 

bias (K) for each scan position (footprint numbers from 4 to 27 in ordinate) for 

channel 6 of NOAA-18.  
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Fig. 9. Horizontal distributions of AMSU-A channel 6 brightness temperature (K) of 

NOAA-15, 16, 18, 19, and METOP-A at 0000 UTC 31 December 2011 for (a, b) the 

observation minus the first guess without and with bias correction, respectively, (c) 

rain rate (mm 6h-1) from the GSMaP NRT product, (d) airmass bias, and (e) scan bias. 
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Table 1. Selected channels of AMSU-A in (a) the JMA operational data assimilation system 585 

and (b) this study. Values indicate the observation error standard deviations. 586 

 587 

 588 

    (a) JMA 589 

Channel Aqua METOP-A NOAA-15 NOAA-16 NOAA-18 NOAA-19 

4  0.45 0.45  0.45 0.45 

5  0.3 0.3 0.3 0.3 0.3 

6 0.45 0.3 0.3 0.3 0.3 0.3 

7   0.3  0.3 0.3 

8 0.3 0.3 0.3  0.3  

9 0.3 0.3 0.3 0.3 0.3 0.3 

10 0.3 0.3 0.3 0.3 0.3 0.3 

11 0.3 0.45  0.45 0.45 0.45 

12 0.64 0.64 0.64 0.64 0.64 0.64 

13 1.02 1.02 0.82 0.82 1.02 1.02 

 590 

    (b) This study 591 

Channel 

METOP-

A 

NOAA-15 NOAA-16 NOAA-18 NOAA-19 

6 0.3  0.3 0.3 0.3 

7  0.3  0.3 0.3 

8 0.3 0.3  0.3  

 592 
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Table 2. Horizontal resolutions for data assimilation and the thinning distances for the 594 

AMSU-A radiances in the JMA and ECMWF operational systems and in this study. 595 

 596 

 JMA (Okamoto 

et al. 2005, 

JMA, 2013) 

ECMWF 

(ECMWF, 2016) 

This study 

Horizontal resolution 

(outer model) 

~20 km (TL959) ~15 km (TL1279) 

112 km 

Horizontal resolution 

(inner model) 

~55 km (TL319) ~80 km (TL255) 

Thinning distance 250 km 125 km 250 km 
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 600 

Table 3. List of the predictors selected in Miyoshi et al. (2010), Bormann et al. (2010), and 601 

this study. 602 

 603 

Miyoshi et al. (2010) Bormann et al. (2010) This study 

Integrated Weighted 

Lapse Rate (IWLR) 

IWLR (1000-300, 200-50, 

50-5, 10-1 hPa) 

IWLR (1000-200, 200-50 

hPa) 

Constant Constant 

 

Surface temperature 

 

Surface temperature 

Cloud water content 

  

1/cosθ  (θ: Satellite zenith 

angle) 

 

1/cosθ  (θ : Satellite zenith 

angle) 

 604 
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