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Abstract 22 

 23 

A non-Gaussian probability distribution function (PDF) and a new displacement 24 

correction method using PDF pseudo-regimes for precipitation were introduced to the 25 

dual-scale neighboring ensemble-based variational assimilation scheme (EnVar) for 26 

achieving improved assimilation of all-sky microwave imager (MWI) brightness 27 

temperatures (TBs) into a cloud-resolving model (CRM). 28 

 29 

We evaluated the fits of the precipitation forecast perturbations of various disturbances 30 

with the existing non-Gaussian PDF models and selected a mixed lognormal 31 

distribution for the precipitation PDF model. Then we introduced rain-free and rainy 32 

PDF regimes to EnVar. We developed a new method for correcting precipitation 33 

displacement that introduces pseudo rain-free, rainy, and heavy-rain regimes and 34 

approximated their PDFs as regional averages of the PDFs around the target point. We 35 

estimated the horizontal scales of averaging based on the similarity of precipitation 36 

forecast perturbations. These methods improved the bias and normality of TB 37 

differences between observation and the first guess. 38 

 39 
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We conducted assimilation experiments using all-sky MWI TB observations for 40 

Typhoon Etau (T1518). Results show that the precipitation analysis using the EnVar 41 

employed herein was more similar to the global satellite map for precipitation (GSMaP) 42 

retrievals than those using a conventional EnVar. The introduction of a mixed lognormal 43 

PDF strengthened the precipitation analysis of heavy-rain areas around the typhoon and 44 

near a front. The usage of PDF pseudo-regimes considerably reduced the precipitation 45 

displacement error of the analysis. The EnVar employed herein improved the CRM 46 

forecasts for precipitation distribution up to 12 h and the typhoon position and central 47 

surface pressure for more than 24 h. The forecast analysis cycle of EnVar improved the 48 

CRM forecasts for heavy rain around the typhoon center up to 6 h and a heavy-rain 49 

band associated with the typhoon for more than 24 h when compared with the EnVar 50 

using a single-time TB observation. 51 

 52 

 53 

Keywords: ensemble-based data assimilation, global precipitation measuring mission, 54 
advanced scanning microwave radiometer 2, precipitation 55 

 56 

 57 
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1. Introduction 59 

The brightness temperatures (TBs) obtained from the satellite microwave imager (MWI) 60 

data provide global information about water substances (e.g., water vapor, cloud 61 

water/ice, and precipitation), according to Weng (2017). In particular, the MWI TBs 62 

over tropical oceans are important for monitoring tropical cyclones (see the Naval 63 

Research Laboratory Tropical Cyclone page, i.e., https://www.nrlmry.navy.mil/TC.html, 64 

for an example). 65 

 66 

Accordingly, many numerical forecast centers have been working on the assimilation of 67 

the all-sky MWI TBs (Geer et al., 2017). Until now, they have focused on the 68 

assimilation for global models and have significantly improved forecasts. For example, 69 

Bauer et al. (2010) successfully incorporated the all-sky MWI TBs into the European 70 

Centre for Medium-Range Weather Forecasts (ECMWF) 4DVAR system by introducing 71 

a TB observation error as a function of the cloud coverage, a careful quality check, and 72 

variational TB bias correction. 73 

 74 

It is, however, difficult to calculate MWI TBs accurately from global model forecasts 75 

because majority of the models do not explicitly forecast precipitation variables (rain, 76 

https://www.nrlmry.navy.mil/TC.html


5 
 

snow, or graupel). Hence, some studies have proposed an all-sky MWI TB assimilation 77 

for cloud-resolving models (CRMs) with cloud microphysical schemes to forecast water 78 

substances (Aonashi and Eito, 2011; Chambon et al., 2014; Okamoto et al., 2016). 79 

 80 

As indicated by Errico et al. (2007), the following issues must be addressed to develop 81 

effective precipitation assimilation methods for CRMs. 82 

1) Error covariances associated with the water substances have large variabilities. 83 

2) The observation counterparts are expressed as nonlinear functions of CRM 84 

variables. 85 

3) The water substances, particularly precipitation, exhibit a forecast error with a 86 

non-Gaussian probability density function (PDF). 87 

Further, we cannot adequately incorporate the observed data into the model’s 88 

precipitation-related variables when the CRM precipitation forecasts exhibit large 89 

displacement errors (Aonashi and Eito, 2011). 90 

 91 

Ensemble-based approaches have been proposed to deal with some of the 92 

aforementioned issues. Montmerle and Berre (2010) and Michel et al. (2011) employed 93 

CRM ensemble forecasts to estimate forecast error covariance of water substances. 94 
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Zupanski (2005) proposed an ensemble-based variational assimilation scheme (EnVar) 95 

to address the nonlinearity of the observation operators and the flow dependency of the 96 

forecast error. Aonashi et al. (2016) developed EnVar using a dual-scale neighboring 97 

ensemble (DuNE) to suppress the sampling error of the ensemble forecast error 98 

covariance. Desroziers et al. (2005) proposed a statistical method to diagnose forecast 99 

and observation error covariance. 100 

 101 

On the other hand, the scopes of measures have been limited so far for the non-Gaussian 102 

PDF and the displacement error associated with precipitation. Many recent studies have 103 

developed Gaussian transform methods which transformed non-Gaussian precipitation 104 

into Gaussian variables based on the statistical fitting between the observed data and 105 

model forecasts of precipitation (e.g., Lien et al., 2016). However, these methods are not 106 

applicable to points with a large precipitation displacement error. Many studies have 107 

employed large-scale precipitation pattern differences between observations and model 108 

forecasts to correct the precipitation displacement error. For example, Aonashi and Eito 109 

(2011) introduced the displacement error correction scheme (DEC) into their EnVar, but 110 

it was not applicable when the CRM failed to forecast the observed precipitation 111 

patterns. 112 
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 113 

The objective of this study is to develop a non-Gaussian PDF and a new displacement 114 

correction method for precipitation that can be applied to majority of the model grid 115 

points and introduce these methods to the DuNE EnVar (Aonashi et al., 2016) for 116 

achieving better assimilation of the all-sky MWI TBs into a CRM. 117 

 118 

First, we evaluated the fits of the precipitation forecast perturbations of various cases of 119 

disturbance with respect to the existing non-Gaussian PDF models with the chi-square 120 

of Lien et al. (2016) to introduce the non-Gaussian nature of precipitation into EnVar. 121 

Based on the obtained results, we selected the mixed lognormal distribution as the 122 

precipitation PDF model and introduced rain-free and rainy PDF regimes into EnVar. 123 

 124 

In addition to conventional DEC, we have developed a new method for correcting the 125 

precipitation displacements for grid points when the rain-free and rainy regimes yielded 126 

a zero-regime conditional probability under the observed TBs. In this method, pseudo 127 

rain-free, rainy, and heavy-rain regimes were introduced. Further, their PDFs were 128 

approximated as the regional average of the PDFs around the target point. The 129 

horizontal scales of averaging were based on the similarity of the precipitation forecast 130 
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perturbations. 131 

 132 

We conducted assimilation experiments using the all-sky MWI TB observations of 133 

Typhoon Etau (T1518) and examined the impact of the non-Gaussian PDF and the new 134 

displacement correction method for precipitation on EnVar analysis and CRM forecasts. 135 

 136 

2. Meteorological cases, data, and CRM system 137 

2.1 Meteorological cases 138 

We selected a case for T1518 (14 UTC, September 7, 2015) as the test bed for the non-139 

Gaussian PDF and the displacement correction method (see Sections 3.2 and 3.3) 140 

because the CRM forecasts showed a significant precipitation displacement error for 141 

this case. We also performed all-sky MWI TB assimilation experiments for T1518 (see 142 

Sections 4.1 and 4.2). 143 

 144 

T1518 formed over the ocean south of Japan at 12 UTC, September 7, 2015 and rapidly 145 

moved north and landed at Central Japan at 00 UTC, September 9, 2015. Table 1 shows 146 

the six-hourly best track with respect to the position and central surface pressure (CSP) 147 

of T1518 announced by the JMA. The heavy-rain bands associated with this typhoon 148 



9 
 

caused severe floods in the Kanto and Tohoku districts. 149 

 150 

In addition, we performed CRM ensemble forecasts for three typhoons (i.e., T1518, 151 

T1411, and T1306) to obtain the precipitation forecast perturbations. We also used the 152 

CRM ensemble forecasts provided by Aonashi et al. (2016) for an extra-tropical low 153 

(initial time: 21 UTC, January 26, 2003), a Baiu front (initial time: 00 UTC, June 1, 154 

2004), and a typhoon (initial time: 15 UTC, June 9, 2004) (see Section 3.2). 155 

 156 

2.2 MWI TBs 157 

We employed the observed TBs (TBo) obtained through the following three conical-158 

scan MWIs in assimilation experiments for T1518 (see Section 4). 159 

1) The GPM microwave imager (GMI) is on the global precipitation measuring 160 

mission (GPM) satellite launched in 2014. The GMI is an 8-frequency 13-channel MWI 161 

that observes vertical TBs at frequencies of 21.3, 183 ± 3, and 183 ± 7 GHz and dual-162 

polarized TBs at five other frequencies (i.e., 10.65, 19.35, 37.0, 85.5, and 165.5 GHz) 163 

(Draper et al., 2015). 164 

2) The special sensor microwave imager/sounders (SSMISs) are on the Defense 165 

Meteorological Satellite Program (DMSP) satellites (Kunkee et al. 2008). The SSMISs 166 



10 
 

are 19-frequency 22-channel MWIs operating between 19 and 183 GHz. 167 

3) The advanced microwave scanning radiometer 2 (AMSR2) is on the Global 168 

Change Observation Mission-Water 1 (GCOM-W 1) satellite launched in 2012. The 169 

AMSR2 observes dual-polarized TBs at seven frequencies between 6.9 and 89.0 GHz. 170 

The AMSR2 improved the horizontal resolution of their Field of Views (FOVs) by 171 

installing a large antenna (Imaoka et al., 2010). 172 

We assimilated the TBo with vertical polarization within the microwave window region 173 

(10, 18, 23, 36, and 89 GHz for GMI and AMSR2, 18, 22, 36, and 92 GHz for SSMIS). 174 

 175 

Figure 1 presents the TBs at 18 GHz with vertical polarization (TB18v) observed with 176 

GMI (14 UTC, September 7, 2015), SSMIS (07 UTC, September 8), and AMSR2 (17 177 

UTC, September 8). Hereafter thick black lines with the mark “   “ denote fronts, and 178 

crosses (×) denote the typhoon centers obtained from the best track data. This figure 179 

suggests the occurrence of heavy-rain areas around the typhoon because this channel is 180 

sensitive to emission from rain drops over the ocean. 181 

 182 

2.3 Precipitation data used for validation 183 

We used JMA’s hourly precipitation data (JHP) in the vicinity of Japan, which were 184 
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obtained from the ground radar and surface rain gauge data of JMA, to validate the 185 

assimilation experiments (Makihara, 2000). For other areas, we used the global satellite 186 

map for precipitation (GSMaP) data retrieved from the satellite MWI and microwave 187 

sounder and infrared radiometer data (Kubota et al., 2020). 188 

 189 

Figure 2a presents the GSMaP surface precipitation for 14 UTC, September 7, 2015. At 190 

this time, there was a front over the sea south of western Japan to the east of Tohoku. 191 

Heavy-rain areas (more than 20 mm h−1) were retrieved to the north of the typhoon 192 

center (Region A) and along the front over the sea south of central Japan (Region B). In 193 

addition to regions A and B, rainy areas were retrieved around (Region C) and south of 194 

the front (Region D). 195 

 196 

2.4 CRM 197 

In this study, we adopted the JMA nonhydrostatic model, which had 481 grid points in 198 

the x and y directions, a horizontal resolution of 5 km, and 50 levels in the vertical 199 

(Ikawa and Saito, 1991, Saito et al., 2006). This CRM predicted the horizontal and 200 

vertical momentum as the dynamic variables and pressure perturbations and potential 201 

temperature as the thermodynamic variables. This CRM also employed a bulk 202 
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microphysical scheme to explicitly predict the mixing ratios of five hydrometers (cloud 203 

water, cloud ice, rain, snow, and graupel) and the number concentrations of cloud ice, 204 

snow, and graupel (Murakami et al, 1994). The precipitation particles were assumed to 205 

have inverse exponential size distributions and constant densities (i.e., 1000 kg m-3 for 206 

rain, 84 kg m-3 for snow, and 300 kg m-3 for graupel). 207 

 208 

2.5 Ensemble forecasts 209 

We performed CRM ensemble forecasts for T1518 (initial time: 00 UTC, September 7, 210 

2015), T1411 (initial time: 00 UTC, July 31, 2014), and T1306 (initial time: 00 UTC, 211 

June 24, 2013) using the meso-ensemble forecast system provided by Saito et al. (2011). 212 

This system produced initial and boundary conditions for the ensemble mean from the 213 

JMA’s global forecasts and initial and boundary perturbations for ensemble members 214 

from the JMA’s global weekly ensemble forecasts. We executed 52-member CRM 215 

ensemble forecasts for T1518 using JMA’s 26-member global weekly ensemble 216 

forecasts initiated at 00 and 12 UTC, September 6, 2015. We also performed 50-217 

member CRM ensemble forecasts for T1411 and T1306 because the JMA-operated 50-218 

member global weekly ensemble forecasts began at 12 UTC every day in 2013 and 219 

2014. 220 
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 221 

Figure 2b presents the mean of the 14-h CRM ensemble forecasts for T1518 (starting at 222 

00 UTC, September 7, 2015). Hereafter pluses (+) denote points with the minimum 223 

ensemble-mean surface pressure. When compared with Fig. 2a, the ensemble mean 224 

underestimated the heavy-rain areas north of the typhoon center (Region A). The 225 

ensemble mean also indicated a southward precipitation displacement error for the rainy 226 

areas around the typhoon and the front over the sea toward the east of Tohoku (Region 227 

C). In addition, the rainy areas located south of the front could not be predicted (Region 228 

D).  229 

 230 

For the precipitation cases in 2003–2004, we employed the 100-member CRM 231 

ensembles of Aonashi et al. (2016) with random initial and boundary perturbations 232 

because the JMA global weekly ensemble forecasts were unavailable at that time. 233 

 234 

2.6 Forward calculation of MWI TBs 235 

We calculated the observation counterpart of MWI TB for each CRM horizontal grid by 236 

incorporating the grid point values of the CRM forecasts into the radiative transfer 237 

model (RTM) program of Liu (2004). Hereafter, we refer to the calculated TB as TBc. 238 



14 
 

 239 

This RTM program computed the TBs for the plane-parallel atmosphere by four-stream 240 

approximation. In this study, all the precipitation particles were assumed to be spherical, 241 

and the absorption and scattering coefficients as well as phase functions were computed 242 

from the Mie theory. Further, we used the CRM assumptions for the particle size 243 

distributions and densities of the precipitation particles. 244 

 245 

We assumed that the precipitation particles were a mixed phase between the freezing 246 

level height (FLH) and FLH − 1 km during RTM calculation to approximate the bright 247 

bands. Then, we parameterized their number concentration, absorption and scattering 248 

coefficients, and phase functions in terms of temperature following Nishitsuji et al. 249 

(1983). 250 

 251 

3. Assimilation methods 252 

 253 

3.1 Assimilation system 254 

In this study, we constructed an ensemble-based assimilation system for CRM 255 

comprising DEC for large-scale precipitation patterns (Aonashi and Eito, 2011) and 256 
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DuNE EnVar (Aonashi et al., 2016). 257 

 258 

a.  Displacement error correction scheme 259 

In this section, we briefly describe the DEC proposed by Aonashi and Eito (2011). In this 260 

scheme, the variational approach was adopted to correct the displacement error of large-261 

scale precipitation patterns. First, we added some displacement errors to the mean of the 262 

CRM ensemble forecasts and calculated the observation counterparts for MWI TBs (and 263 

typhoon center positions, if existing). Then, we derived the cost function for the 264 

displacement error from the observed data and the observation counterparts. Subsequently, 265 

we employed the technique proposed by Hoffman and Grassotti (1996) to obtain the 266 

large-scale pattern of the displacement error from the cost function. 267 

 268 

Figure 2c presents the mean of the 14-h CRM ensemble forecasts for T1518 after DEC. 269 

Compared with Fig. 2b, the rainy areas moved northward by approximately several 270 

kilometers around T1518 (Region A) and the front over the sea toward the east of 271 

Tohoku (Region C). However, the rainy areas toward the south of the front could not be 272 

retrieved (Region D). 273 

 274 
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b.  DuNE EnVar 275 

In this section, we briefly describe the DuNE EnVar proposed by Aonashi et al. (2016). 276 

As the control variables ( x ) of the EnVar, we selected the horizontal (u, v) and vertical 277 

wind speeds (w), potential temperature (PT), ratio of total water content to the saturation 278 

specific humidity (RTW), precipitation rate (PR), and surface pressure (Ps). The EnVar 279 

derived the analysis of the ensemble mean ( ax ) by minimizing the following three-280 

dimensional cost function about the control variables ( xJ ). 281 

1 11 2( ) ( ) ( ) 1 2( ( )) ( ( ))a f t f a f o a t o a
xJ P H R H− −= − − + − −x x x x y x y x ,   (1) 282 

f eP P S=  , 283 

where fx  denotes the mean of the N-member ensemble forecasts { }, 1,f
n n N=x , oy  284 

and H  denote the observation and observation operator, respectively, R  denotes the 285 

observation error covariance, and fP  denotes the forecast error covariance 286 

approximated as the Schur product (  ) of the ensemble forecast perturbation covariance 287 

eP  and the correlation function S calculated from the ensemble forecast error 288 

correlation. This study generally follows the notations of Ide et al. (1997). We used n as 289 

the subscript denoting the ensemble member and an overbar (− ) as the symbol denoting 290 

the ensemble mean. 291 

 292 
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Following Lorenc (2003), we introduced the flow dependency of the forecast error by 293 

assuming that the analysis increment a f−x x  belonged to the subspace spanned by the 294 

ensemble forecast perturbations. Hence, the analysis increment can be written with 295 

ensemble forecast perturbations 1 ( )
1

f f f
n nN
= −

−
e x x  and their amplitudes na  296 

(Wang, 2010) as follows: 297 

1

1[ ( ), , , , ( )]

N
a f f

n n
n

f f
Ndiag diag

=

− =

=

∑x x e a

e e a



,                       (2) 298 

where diag( ) is an operator that transforms a vector into a diagonal matrix, and a  is a 299 

vector formed by concatenating N vectors , 1,n n N=a . 300 

 301 

As shown in Fig. 3, we employed ensemble forecasts within a box of horizontal grid 302 

points (reduced-grid box) neighboring the target point (hereafter referred to as the 303 

neighboring ensemble (NE)) to increase the ensemble sample size. We adopted 5 × 5 304 

grids as a reduced-grid box, which was comparable to the CRM effective spatial 305 

resolution. The NE for the given ensemble member n within the M-point reduced-grid 306 

box can be written as ,( ) , 1,f
NE n m m M=x｛ ｝, where M is 25 in this study. We use m as the 307 

subscript denoting the point within the reduced-grid box. Further, we horizontally 308 

divided ,( ) f
NE n mx  into a large-scale portion ( ) f

L nx  and deviations ,( ) f
d n mx  and 309 
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transformed them into a dual-scaled NE (DuNE): ,
,

( )
, 1, 1

( )

f
L nf

n m f
d n m

m M
 

= = −  
 

x
z

x
 ,  (3) 310 

, , ,
1

1where ( ) ( ) ( ) ( ) ( )
M

f f f f f
L n NE n m d n m NE n m L n

m
and

M =

= = −∑x x x x x . 311 

 312 

When we applied DuNE to EnVar, we reduced the dimension of the forecast 313 

perturbation subspace for the deviations. To this end, we first calculated the Singular 314 

Value Decomposition (SVD) eigenmodes of the vertical cross covariance of the 315 

deviation forecast perturbations. Then we approximated the ensemble forecast 316 

perturbations for the deviations using the first–Nth eigenvectors nv  and eigenvalues 317 

nλ . The analysis increment can be written with ensemble forecast perturbations for the 318 

large-scale portion and the deviation 1 (( ) ( ) ),
1

f f f
L,n L n LN
= −

−
e x x  f

d,n n nλ=e v  and 319 

their amplitudes , ,,L n d na a  as follows: 320 

, ,
1 1

N N
a f f f

L n L n d,n d,n
n n= =

− = +∑ ∑x x e a e a   321 

,1 , 1 ,[ ( ), , , ( ), ( ), , , ( )]f f f f
L L N d, d Ndiag diag diag diag= e e e e a ,                  (4) 322 

where ( ) f
Lx  denotes the ensemble mean of the large-scale portion and a  is a vector 323 

obtained by concatenating vectors , , 1,L n n N=a  and , , 1,d n n N=a . 324 

 325 

By substituting Eq. (4) into Eq. (1), the cost function can be written as follows in terms 326 

of a : 327 
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1 11 1{ ( )} { ( )}
2 2

t o t o
aJ A H R H− −= + − −a a y a y a ,                      (5) 328 

where A  is the correlation matrix for a  expressed as a block diagonal matrix with 329 

correlation matrices for the large-scale portion and deviations LA  and dA . We 330 

iteratively minimized Eq. (5) to achieve optimal analysis. 331 

 332 

c. Estimation of the observation error covariance of MWI TBs 333 

We used the method proposed by Desroziers et al. (2005) to estimate the observation 334 

error covariance R of MWI TBs. In this estimation, we neglected the off-diagonal terms 335 

of R for ensuring simplicity. 336 

 337 

First, we substituted the constant value (9.0 K2) into the diagonal terms of R as the first 338 

guess of the observational error variance. Next, we applied the following steps 339 

iteratively. 340 

1) Execution of the DuNE EnVar to calculate the MWI TB innovation 341 

( )f o fH= −d y x  and the post-fit residuals ( )a o aH= −d y x  342 

2) Estimation of R as the domain average of ( )( )f a td d  343 

We empirically performed the above iteration thrice for this estimation. We will 344 

describe the MWI TB bias correction in Sections 3.2c and 3.3d. 345 
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 346 

d.  Analysis for each ensemble member 347 

We applied the method proposed by Bishop et al. (2001) for calculating the analysis for 348 

each ensemble member. 349 

 350 

First, we expressed the forecast increment for a member n, f f f
n nδ = −x x x  in the 351 

DuNE forecast perturbation space ( ,
f
L ne , f

d,ne ). 352 

,
1

N
f f f
n L,n d,i n i

i
uδ

=

= +∑x e e ,                                              (6) 353 

where ,n iu  denotes the f
nδx  amplitude for the ith SVD mode of the deviation. Then, 354 

we calculated the transform matrix from the forecast increments to the analysis 355 

increments in the DuNE forecast perturbation space T as follows. 356 

1) We obtained the observation perturbation matrix V and tC V V=  for the DuNE 357 

forecast perturbations. 358 

{ } { }
{ }

1/2
,N

1/2

... , ...... , ( ) ( )

( ) ( )

a a
L,1 L,N d,1 d L,n L,n

a a
d,n d,n

V where R H H

R H H

−

−

= = + −

= + −

v v v v v x e x

v x e x
           (7) 359 

2) We derived T from the SVD eigenmatrix Γ and the eigenmodes U of C. 360 

tC U U= Γ                                                     (8) 361 

1/ 2( ) tT U I U−= + Γ  362 

We calculated the analysis increment a a a
n nδ = −x x x  by multiplying T to Eq. (6). 363 
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 ,n ,
1

( )
N

a f f
n L d,i n i

i
T T uδ

=

= +∑x e e .                                       (9) 364 

 365 

Following Zhang et al. (2004), we inflated the analysis covariance by setting the 366 

analysis increment for each ensemble member as the weighted average of a
nδx  and367 

f
nδx . 368 

(1 )a a a f
n n nωδ ω δ= + + −x x x x ,                                      (10) 369 

where we used the empirical weight 0.9ω = . 370 

 371 

3.2 Introduction of the non-Gaussian precipitation PDF 372 

First, we evaluated the fits of the NE forecast perturbations for the target cases (Section 373 

2.1) with respect to the existing non-Gaussian PDF models and selected the best fitting 374 

PDF model. Then, we improved EnVar using the selected PDF model. In this method, 375 

statistical fitting is not required between the precipitation observation and forecasts. 376 

 377 

a. Fits of the NE forecast perturbations to the existing non-Gaussian PDF models 378 

We selected the normal distribution (N), mixed normal distribution (MN), lognormal 379 

distribution (LN), and mixed lognormal distribution (MLN) as possible PDF models. 380 

 381 
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The N model assumed the PDF of the NE forecasts of a certain variable fx , i.e., 382 

Prob( fx ), as follows: 383 

2 2
22

1 1Prob( ) N( ; , ( ) ) exp{ ( ) }
2( )2 ( )

f f f f f f
ff

x x x x xσ
σπ σ

= = − − ,  (11) 384 

where fx  and fσ  are the mean and the standard deviation (STD) of fx , 385 

respectively. We used the PR as fx without any transformation. 386 

 387 

In the MN model, the probability distribution of fx  was assumed to be a mixture of 388 

Gaussian modes (regimes). 389 

, , , , 2

1
Prob( ) N( ; , ( ) )

jmax
f f j f j f j f j

j
x w x x σ

=

= ∑ ,                                     (12) 390 

where j is the superscript denoting the regime, , Prob( )f jw r j= =  is the prior 391 

probability of regime j, ,f jx  is a forecast belonging to regime j, ,f jx  and ,f jσ are the 392 

average and STD of ,f jx , respectively, and jmax is the total number of regimes. 393 

 394 

We adopted a two-regime model (jmax = 2) comprising a rain-free regime (r = 1) and a 395 

rainy regime (r = 2). When calculating the fit of PR to this model, we considered PR as 396 

zero when the surface precipitation rate (PRsurf) was weaker than the prescribed 397 

threshold (PR_th), following Kedem et al (1990). We set PR_th to 0.3 mm h−1, which 398 

was comparable with the minimum detectable value of the GPM dual-frequency 399 
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precipitation radar. Then, we can write ,f jx  as follows: 400 

,1

,2

0 (PRsurf < PR_th)
PR (PRsurf PR_th)

f

f

x
x

 =


= ≥
                          (13) 401 

We considered the prior probability of each regime as the ratio of the NE number of the 402 

regime to the total NE number. 403 

 404 

In the LN model, lnp = ln(PR + 1) was considered as fx to make the logarithm finite 405 

for PR~0. This model assumed a normal distribution of lnp and adopted Eq. (11) as the 406 

PDF of fx . The MLN model assumed two regimes of ,f jx  as follows: 407 

,1

,2

0 (PRsurf PR_th)
ln(PR 1) (PRsurf PR_th)

f

f

x
x

 = <


= + ≥
,                         (14) 408 

Further, Eq. (12) was adopted as the PDF of ,f jx . 409 

 410 

We adopted the 2χ  provided by Lien et al. (2016) to measure the fits of the NE 411 

forecast perturbations with the existing PDF models. 412 

2 2 2

1
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e
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i

f
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N M
χ σ

⋅

=

= −
⋅
∑ ,      (15) 413 

where i is the rank of fx  for the given NE member and e
ix  is the value given by the 414 

PDF model e for i. e
ix  can be written using the NE mean and STD of fx  ( fx , fσ ), 415 

and the PDF-model-normalized deviation for i, ( )F i , as follows: 416 

( )e
i

f fx F ix σ= +                                                (16) 417 
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 418 

First, we verified the fits of the NE forecast perturbations of the surface variables to the 419 

N model for the target cases mentioned in Section 2.1. Table 2 shows that the 2χ  value 420 

of precipitation (0.44–0.94) was worse than those of the remaining variables 421 

(approximately 0.15). 422 

 423 

Next, we examined the fits of the NE forecast perturbations of surface precipitation to 424 

other PDF models for the same cases. Table 2 shows that the fits of the MLN models 425 

were considerably better than those of the remaining models. The 2χ  value for the 426 

MLN model was similar to the value of other variables in case of the N model, whereas 427 

the 2χ  values for the MN and LN models were more than twice the values of other 428 

variables. 429 

 430 

Figure 4 presents the distribution of 2χ  for the PDF models calculated from 14-h 431 

CRM ensemble forecasts (after DEC) for T1518. The 2χ  value for the N model (Fig. 432 

4a) was greater than 0.4 in majority of the precipitation areas and exceeded 1.0 around 433 

the typhoon center and the periphery of the front. The MN model (Fig. 4b) exhibited a 434 

better fit when compared with the N model in case of weak precipitation, particularly 435 
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for the front periphery. The fit to the LN model (Fig. 4c) was considerably improved in 436 

the heavy-rain areas around the typhoon center and the front, compared with the N 437 

model. The 2χ  value for the MLN model (Fig. 4d) was less than 0.3 and smaller than 438 

those of the remaining models for majority of the precipitation area. 439 

 440 

b.  Introduction of the MLN model for precipitation to EnVar 441 

Based on the above results, we selected the mixed lognormal distribution as the 442 

precipitation PDF model. To introduce this model, we expanded EnVar to a type of 443 

Gaussian sum filter (Ristic et al., 2003) using two Gaussian PDF regimes, i.e., the rain-444 

free and rainy regimes. 445 

 446 

For this expansion, we classified the NE forecasts in a reduced-grid box into rain-free 447 

and rainy regimes using the threshold for surface precipitation (0.3 mm h−1). We set lnp 448 

as zero at all levels for the rain-free regime and transformed the classified NE forecasts 449 

into the DuNE for each regime (r = j), ,f jz . When considering the MLN model, the 450 

PDF of the DuNE in the reduced-grid box can be expressed as a mixture of two 451 

Gaussian regimes. 452 
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where ,f jz  and ,f jP  are the mean and the forecast error covariance of ,f jz , 454 

respectively. | ,f jP | denotes the determinant of ,f jP . 455 

As indicated by Aonashi et al. (2016), NE was not applicable to EnVar when the prior 456 

probability of each regime (the ratio of the NE number of the regime to the total NE) 457 

was less than 0.1 because of the large sampling error. Accordingly, we set the prior 458 

probability of that regime as zero. 459 

 460 

It should be noted that the rainy regime had the NE mean and the forecast error 461 

covariance of the precipitation variables larger than those calculated from the all-462 

member ensemble. Figure 2d displays the rainy regime mean of the 14-h CRM 463 

ensemble forecasts (after DEC) for T1518. Compared with Fig. 2c, the precipitation 464 

increased around the typhoon center (Region A) and the front (Region B). 465 

 466 

As the next step, we substituted the DuNE of each regime into EnVar to calculate the 467 

analysis of the regime mean ,a jz  and the analysis error covariance of that regime 468 

,a jP . The analysis of the all-member ensemble mean az  and the analysis error 469 
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covariance aP  can be written as follows: 470 

, ,

1
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=

= ∑z z ， , , , ,

1
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jmax
a a j a j a j a t a j a

j
P w P

=

= + − −∑ z z z z ,       (18) 471 

where , Prob( | )a j ow r j= = y  is the regime conditional probability for j given the 472 

observation oy  (hereafter referred to as RCPO), which will be described in Section 473 

3.2d. 474 

 475 

c.  Bias and normality of (TBo − TBc) of the regimes 476 

Based on the study of Geer and Bauer (2011), we verified the bias and the normality of 477 

the difference of TBo − TBc calculated from the mean of the CRM forecasts of the rain-478 

free and rainy regimes (rain-free mean TBc and rainy mean TBc, respectively). In this 479 

calculation, we selected grid points with a prior probability greater than 0.1. We 480 

excluded the points at which |TBo − TBc| was three times greater than the ensemble 481 

spread of each regime. Hereafter, the points at which TBc is calculated for the rain-free 482 

(rainy) regime will be referred to as the calculated rain-free (rainy) areas. For 483 

comparison, we also computed TBc from the all-member ensemble mean of the CRM 484 

forecasts (after DEC) for the calculated rain-free and rainy areas (hereafter referred to as 485 

all-member mean TBc). 486 

 487 
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Figure 5a presents the joint PDF for TBo and the above TBcs for GMI TB18v at 14 488 

UTC, September 7, 2015. The all-member mean TBc exhibited a significant (TBo − 489 

TBc) bias in the calculated rainy areas, which increased with TBo. The bias depended 490 

on the rain rate because TB18v is sensitive to rain emission over the ocean. On the 491 

contrary, the rainy mean TBc exhibited a distribution close to 1:1 with respect to TBo. 492 

The (TBo − TBc) spreads were amplified in the calculated rainy areas, regardless of the 493 

regime classification. 494 

 495 

Next, we checked the normality of the PDF of (TBo − TBc) standardized with the mean 496 

and STD of (TBo − TBc) for the calculated rain-free and rainy areas. Figure 5b shows 497 

that the all-member mean TBc had a large separation from the normal distribution 498 

observed over the calculated rain-free areas. When compared with this, the normality 499 

was much better for the rain-free mean TBc. 500 

 501 

These results indicate that the introduction of regime means into TBc calculation 502 

improved the bias and normality of (TBo − TBc). Therefore, we adopted the (TBo − 503 

TBc) averaged over the calculated rain-free and rainy areas as the TBo bias corrections 504 

for both regimes. However, we separately estimated the observation error covariance for 505 
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each regime using the method described in Section 3.1c. Table 3 presents the 506 

observation error STDs of the GMI TBo with vertical polarization for the rain-free and 507 

the rainy regimes for 14 UTC, September 7, 2015. The observation error STDs had 508 

larger values for the rainy regime than the rain-free regime reflecting the differences in 509 

the (TBo − TBc) spreads. 510 

 511 

d.  Conditional probability of the rain-free and rainy regimes 512 

The RCPO of regime j, , Prob( | )a j ow r j= = y , can be estimated from the prior 513 

probability and the model-conditioned likelihood function (MCLF), Prob( | )o r j=y , 514 

using Bayes’ theorem. 515 

Prob( | ) Prob( | ) Prob( )o or j r j r j= ∝ = =y y                       (19) 516 

To estimate the RCPO given GMI TBs at the five frequencies with vertical polarization 517 

as the observation, we employed the prior probability of Section 3.2b. Then, we 518 

approximated the MCLF for each regime by assuming normal distribution of the 519 

differences between the bias-corrected TBo and the TBc calculated from DuNE, ,
,

f j
n mz . 520 

, ,
, ,( )f j o f j

n m n mH= −d y z , 521 
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where 
j

nM  is the total number of points for regime j within the reduced-grid box for 523 

ensemble member n, ,f jd  is the mean of ,
,

f j
n md  that is assumed as a zero vector 524 

because the TBo bias was corrected, and jS  is the covariance matrix of the (TBo − 525 

TBc) estimated from the DuNE of each regime. 526 

 527 

Figure 6 presents the RCPO of each regime for the 14-h CRM ensemble forecasts (after 528 

DEC) starting at 00 UTC, September 7, 2015. The RCPO was close to one for either 529 

regime at many points because of the high sensitivity of the MWI TBs to precipitation. 530 

However, both the regimes exhibited an RCPO of zero for the observed rainy areas 531 

south of the front and around the typhoon, where the MCLF of the rain-free regime and 532 

the prior probability of the rainy regime were zero. An RCPO of zero was also found for 533 

the observed heavy-rain areas near the typhoon (Region E), where the CRM ensemble 534 

forecasted only weak precipitation. 535 

 536 

Figure 7a shows the regimes with maximum RCPO at 14 UTC, September 7, 2015. 537 

There were many points at which no regimes had a positive RCPO because of the 538 

precipitation displacement error or a false heavy precipitation forecast. In other words, 539 

no regimes corresponded to TBo. 540 
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 541 

3.3 New method for correcting the precipitation displacement 542 

Equation (18) indicates that the EnVar analysis results in a zero value for grid points at 543 

which both regimes have a zero RCPO. To avoid this, we developed a new precipitation 544 

displacement correction method using PDF pseudo-regimes. 545 

 546 

a.  PDF pseudo-regimes 547 

The results in Section 3.2d indicate that an RCPO of zero was found for both the 548 

regimes at the following points: 549 

1) rain-free areas in the real atmosphere, where the ensemble forecasts had no rain-free 550 

regime; 551 

2) rainy areas in the real atmosphere, where the ensemble forecasts had no rainy 552 

regime; and 553 

3) heavy-rain areas in the real atmosphere, where the ensemble forecasts gave only 554 

weak precipitation. 555 

 556 
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We introduced the pseudo rain-free, rainy, and heavy-rain regimes for addressing these 557 

points. We selected the regional average of the PDFs of the rain-free, rainy, and heavy-558 

rain regimes from many alternatives for approximating the PDF pseudo-regimes 559 

because of its simplicity. We defined the heavy-rain regime as NE forecasts with a 560 

surface precipitation greater than 3 mm h−1. 561 

 562 

We employed regional averages only for lnp, w, and RTW for the large-scale portion of 563 

the PDFs. Further, we used the all-member ensemble PDFs at the target point for the 564 

remaining variables to avoid the smoothing of synoptic-scale disturbances. 565 

 566 

b.  Horizontal scales of PDF averaging 567 

We need to set the range of PDF averaging for pseudo-regimes. To this end, we 568 

evaluated the horizontal scales for obtaining the similarity of their ensemble forecast 569 

perturbations. We specifically verified the similarity of the vertical correlation of the 570 

ensemble forecast perturbations in case of the rain-free, weak-rain, and heavy-rain 571 

points and their surrounding areas for T1518. As a similarity index, we employed the 572 

commonly used Dice coefficient (DC) defined for the two vectors a  and b  as 573 

follows: 574 
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2* / { }DC = ⋅ ⋅ + ⋅a b a a b b ,                                    (21) 575 

where the dot indicates the inner product of the vectors and a  and b  are the vectors 576 

representing the vertical correlation of the ensemble perturbations at the target points. 577 

 578 

Figure 8 presents the DCs for a rain-free point ( in Fig. 8a) and a heavy-rain point (  579 

in Fig. 8b) for 14-h CRM ensemble forecasts (after DEC) starting at 00 UTC, 580 

September 7, 2015. The similarity range (DC > 0.6) of the ensemble forecast 581 

perturbations was local (~250 km) for rain-free points. The same similarity range was 582 

found for weak-rain points (figure not shown). On the contrary, the ensemble forecast 583 

perturbations for heavy rain were similar to each other over a much wider range. 584 

 585 

Based on these results, we set the range of PDF averaging to 250 km within the target 586 

points for the pseudo rain-free and rainy regimes. We did not define the PDF of the 587 

pseudo rain-free (rainy) regime when we had no points with the rain-free (rainy) regime 588 

in the PDF averaging range. For the pseudo heavy-rain regime, we used the PDF 589 

averaged over the whole domain of the CRM. 590 

 591 
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c.  Introduction of PDF pseudo-regimes to EnVar 592 

We added three pseudo-regimes to Eq. (17) and reset jmax as 5. We also prescribed the 593 

prior probabilities of the pseudo-regimes as 0.01, which was negligible compared to 594 

those of the rain-free and rainy regimes (>0.1). The ensemble mean analysis and the 595 

analysis error covariance calculation were then conducted with respect to those in the 596 

five regimes and their conditional probabilities based on Eq. (18). 597 

 598 

Figure 7b illustrates the regimes, including the pseudo-regimes, with the maximum 599 

RCPO for 14 UTC, September 7, 2015. The RCPO was close to one for either regime at 600 

most points because of the high sensitivity of MWI TBs to precipitation. The pseudo 601 

rainy regime occupied majority of the points at which no regimes corresponded to TBo 602 

in Fig. 7a (pseudo rainy areas). The pseudo heavy-rain regime was most likely around 603 

the typhoon center (pseudo heavy-rain areas). 604 

 605 

d.  Bias and normality of (TBo − TBc) of the pseudo-regimes 606 

We verified the bias and normality of the difference between TBo and TBc calculated 607 

from the means of the CRM forecasts of the pseudo-regimes with the maximum RCPO 608 

(pseudo mean TBc). We selected grid points at which both the rain-free and rainy 609 
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regimes had an RCPO of zero. These points will be referred to as pseudo-areas. 610 

 611 

Figure 5c shows the joint PDF for TBo and the pseudo mean TBc, the all-member mean 612 

TBc for the pseudo areas, and the calculated rain-free areas for GMI TB18v at 14 UTC, 613 

September 7, 2015. The all-member mean TBc had no sensitivity to TBo for the 614 

pseudo-areas and had values identical to those of the calculated rain-free areas. In 615 

contrast, the pseudo mean TBc had a distribution close to 1:1 with respect to TBo, 616 

which is similar to the rainy mean TBc in Fig. 5a. The spreads of the pseudo mean TBc 617 

from TBo were comparable with those of the rainy mean TBc. 618 

 619 

Next, we verified the normality of the PDF of (TBo − TBc) standardized with the mean 620 

and STD of (TBo − TBc) for pseudo-areas. Figure 5d shows that the all-member mean 621 

TBc exhibited a large separation from the normal distribution over the pseudo-areas. In 622 

particular, the mode of distribution was found near −1. In comparison, the normality 623 

was much better for the pseudo mean TBc. 624 

 625 

Based on these results, we adopted the mean of (TBo − TBc) and the observation error 626 

covariance over rainy areas as the TBo bias correction values and the observation error 627 
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covariance for the pseudo-regimes, respectively. 628 

 629 

3.4 Streamlining EnVar 630 

The EnVar in Section 3.3c incurred a large computational cost because it minimized the 631 

cost functions for five regimes, although the ensemble mean analysis barely reflected 632 

the EnVar analyses of the regimes, except for that with the maximum RCPO. This is 633 

because the maximum RCPO was close to one for majority of the points owing to the 634 

high sensitivity of MWI TBs to precipitation. 635 

 636 

We streamlined EnVar by introducing a composite of DuNE based on the most likely 637 

regime for each grid point. The usage of the DuNE composite is similar to that in the 638 

method proposed by Montmerle and Berre (2010), wherein the covariance of the 639 

forecast error was expressed as a combination of the values associated with the rain-free 640 

and rainy regions. The mean of the ensemble forecasts fz and the forecast perturbation 641 

covariance fP can be written as follows: 642 

1

jmax
f f, j f, j

st
j

w
=

= ∑z z  643 

, , ,

1
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jmax
f f j f, j f j f t f j f

st
j

P w P
=

= + − −∑ z z z z ,                          (22) 644 

where f, j
stw  is the weight, which is one for the most likely regime and zero for the 645 
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remaining regimes. 646 

 647 

We added the following preparation procedures to EnVar for achieving approximation. 648 

1) Calculate TBc from the mean of DuNE of the regimes. 649 

2) Estimate the RCPO of the regimes from TBo and TBc.  650 

3) Calculate fz  and fP  from the DuNE of the most likely regime for each grid 651 

point. 652 

The usage of fz  and fP  enabled us to achieve ensemble mean analysis by 653 

minimizing the single cost function. 654 

 655 

4. Assimilation and forecast experiments for T1518 656 

We performed experiments which assimilated each observation at a certain time 657 

(hereafter referred to as single-time observation experiments) using the same ensemble 658 

forecasts to examine the impacts of the assimilation methods on analysis and forecast. 659 

We also verified the impact of a forecast analysis cycle when compared with a single-660 

time observation experiment. 661 

 662 
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4.1 Single-time observation experiments 663 

 664 

a.  Description of the experiments 665 

We performed experiments which assimilated all-sky GMI TBs and conventional 666 

observation data at 14 UTC, September 7, 2015 using CRM ensemble forecasts after 667 

DEC (started at 00 UTC, September 7, 2015). We also executed a CRM forecast using 668 

the resultant analysis of the all-member ensemble mean (hereafter referred to as analysis 669 

for simplicity) as the initial data. 670 

 671 

First, we performed the following experiments to determine the performance of the 672 

EnVar employed in this study. 673 

1) FG: an experiment without assimilation. The analysis resulted in a value equal to 674 

the all-member mean of the CRM ensemble forecasts after DEC for 14 UTC, 675 

September 7, 2015 as the initial value. 676 

2) CN: an assimilation using the EnVar employed herein in which the mixed 677 

lognormal PDF and a new displacement correction method were used. 678 

 679 

Next, we verified the impacts of introducing the mixed lognormal PDF and a new 680 
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displacement correction method using PDF pseudo-regimes with the following 681 

experiments. 682 

1) GD: assimilation with the conventional EnVar by adopting a single normal PDF 683 

regime for precipitation. In this experiment, we separately estimated the TB bias 684 

and the observation error STD from the all-member mean of (TBo − TBc) over 685 

the calculated rain-free areas and other areas. 686 

2) MLD: assimilation with an experimental EnVar that used only the mixed 687 

lognormal PDF and that did not use the new displacement correction method. 688 

 689 

We also investigated the forecast impacts of the analysis increments of the water 690 

substances and other variables through the following forecast experiments: 691 

1) NW: same as CN but with zero analysis increments for water substances and w. 692 

2) ND: same as CN but with zero analysis increments for u,v, PT, and Ps. 693 

 694 

Further, we examined the contribution of DEC to assimilation using the EnVar 695 

employed herein and the CRM forecasts. Therefore, we performed an experiment 696 

skipping DEC (SD), which was similar to CN, but using the CRM ensemble forecasts 697 

without DEC (started at 00 UTC, September 7, 2015). 698 
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 699 

b.  Impacts on analysis 700 

First, we describe the increments of CN analysis minus the all-member mean of the 701 

CRM ensemble forecasts which was equal to that of FG analysis. Figure 9 shows the 702 

CN analysis increments and FG analysis for the surface precipitation, w at a height of 703 

5000 m, RTW at a height of 1460 m, and pressure and horizontal winds at the surface. 704 

 705 

Figure 9a indicates that CN resulted in increased surface precipitation around the 706 

typhoon, particularly to the north of the typhoon center (Region F). CN also induced 707 

precipitation in the pseudo rainy areas to the south of the front (Region G) and east of 708 

the typhoon, where FG missed precipitation. 709 

 710 

In Fig. 9b, CN increased w in the aforementioned areas with positive precipitation 711 

increments. However, in the southern part of the front, CN yielded negative w 712 

increments (Region H) in positive precipitation increment areas because CN employed 713 

the mean of DuNE of the rainy regime as the EnVar first guess for this area. When we 714 

derived the analysis increments from the rainy-regime mean, CN had negative 715 

increments for both the surface precipitation and w (figures not shown). 716 
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 717 

Figure 9c indicates that CN moistened the pseudo rainy areas, whereas the humidity 718 

increments were small for the heavy-rain areas. Moreover, CN moved the moist areas 719 

associated with the typhoon southeastward by giving positive increments toward the 720 

east (Region I) and negative increments toward the north and west of its center (Region 721 

J). 722 

 723 

As shown in Fig. 9d, EnVar realized analysis increments of the pressure and winds 724 

around the typhoon; here, these variables exhibited a significant ensemble forecast 725 

perturbation correlation with precipitation. CN moved the low-pressure area of the 726 

typhoon eastward by giving negative increments to the east (Region K) and positive 727 

increments to the west of its center (Region L). The surface horizontal wind increments 728 

corresponded to this dipole pattern of the increments in Ps. 729 

 730 

Next, we compared the analyses of single-time observation experiments to examine the 731 

impact of the analysis methods used in this study. Table 4a presents the quantitative 732 

validation results of the experimental precipitation analyses using GSMaP retrieval for 733 

14 UTC, September 7, 2015. We used the reduced-grid box (25 km × 25 km) averages 734 
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of the data for validation. AVE indicates the average of the experimental precipitation 735 

data in mm h−1. The BIAS and RMSE are the average and root mean square error, 736 

respectively, of the experimental precipitation data minus the GSMaP retrieval in mm 737 

h−1. TSh and TSw denote the threat scores for heavy (threshold: 10 mm h−1) and whole 738 

(threshold: 0.1 mm h−1) rain events. Figure 10a illustrates the GSMaP surface 739 

precipitation for 14 UTC, September 7, 2015. Figure 10b-f illustrate the analyses for 740 

precipitation, pressure, and horizontal winds at the surface given by FG, CN, GD, MLD, 741 

and SD. 742 

 743 

Table 4a and Figure 10b show that FG underestimated the surface precipitation 744 

compared with GSMaP (BIAS = −0.14 mm h−1). CN reduced the underestimation 745 

(BIAS = −0.05 mm h−1) and RMSE (1.06 mm h−1) when compared with FG. It also 746 

resulted in considerably higher thread scores (TSh = 0.52 and TSw = 0.50) than FG 747 

(TSh = 0.16 and TSw = 0.32), indicating that the EnVar employed herein generally 748 

improved the precipitation analysis. Compared with the GSMaP retrieval, CN (Fig. 10c) 749 

was successful in reproducing most of the GSMaP rainy areas by inducing precipitation 750 

in the pseudo rainy areas. It also achieved a precipitation analysis similar to that 751 

obtained by GSMaP retrievals for Regions A and B. These were reflected in the high 752 
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TSh and TSw values. 753 

 754 

The BIAS (−0.18 mm h−1) and TSh (0.06) of GD were worse than those of FG because 755 

GD missed the precipitation in the pseudo rainy areas and yielded a much weaker 756 

precipitation analysis than GSMaP for heavy-rain areas (Fig. 10d). On the contrary, the 757 

TSh (0.33) of MLD was an intermediate value between those of FG and CN, whereas its 758 

TSw (0.30) was close to that of FG. It resulted in a precipitation analysis similar to the 759 

GSMaP retrieval for most of the heavy-rain areas (Fig. 10e). However, only weak 760 

precipitation was analyzed for the pseudo heavy-rain area within Region A, resulting in 761 

the intermediate value of TSh. MLD also missed the precipitation in the pseudo rainy 762 

areas, resulting in a low TSw. 763 

 764 

SD had high threat scores (TSh = 0.56 and TSw = 0.51) similar to those of CN. Figure 765 

10f depicts that SD was successful in achieving a precipitation analysis similar to the 766 

GSMaP retrieval while the typhoon center was displaced southward from that given by 767 

CN. 768 

 769 

The results indicate that the introduction of the mixed lognormal PDF strengthened the 770 
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precipitation analysis, thereby achieving data similar to the GSMaP retrievals for heavy-771 

rain areas. We also tested EnVar by assuming the mixed normal PDF of precipitation. 772 

The assimilation experiment performed using this scheme resulted in an analysis similar 773 

to MLD (figure not shown). Based on this result, the usage of the PDF of the rainy 774 

regime and the resultant TBo bias reduction contributed to the retrieval of the heavy 775 

precipitation. 776 

 777 

Furthermore, the usage of the PDF pseudo-regimes considerably reduced the 778 

precipitation displacement error of the analysis and contributed to the heavy-rain 779 

analysis in the pseudo heavy-rain areas. The comparison between CN and MLD 780 

indicated that a large part of the humidity analysis increments can be attributed to the 781 

introduction of the pseudo rainy regime (figure not shown). The SD results also 782 

indicated that using the PDF pseudo-regimes without DEC can correct the precipitation 783 

displacement error of the analysis for the target case. 784 

 785 

c.  Impacts on CRM forecasts 786 

First, we describe the impacts of the assimilation methods of this study on the 6-h CRM 787 

forecasts. Table 4b shows the quantitative validation results of the 6-h precipitation 788 
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forecasts of the experiments using GSMaP retrieval for 20 UTC, September 7, 2015. 789 

Figure 11a illustrates the GSMaP surface precipitation for 20 UTC, September 7, 2015. 790 

Figures 11b–h display the 6-h CRM forecasts of the experiments for precipitation, 791 

pressure, and horizontal winds at the surface. 792 

 793 

As shown in Figure 11a, GSMaP indicated heavy rain from the west to the north of the 794 

typhoon center (Region Ma). Heavy-rain areas were also retrieved for the front from the 795 

south of Kanto to the ocean east of Tohoku (Region N). 796 

 797 

Then, we compared FG and CN with GSMaP retrieval to see the impacts of the analysis 798 

methods of this study on the forecast. Table 4b shows that FG underestimated the 799 

surface precipitation when compared with GSMaP (BIAS = −0.18 mm h−1). Figure 11b 800 

illustrates that FG displaced the typhoon position southward of the best track. FG also 801 

forecasted heavy rain from the east to the north of the typhoon center (Region Mb), 802 

which was considerably weaker than GSMaP retrieval. Moreover, FG exhibited a 803 

northwest precipitation displacement error with respect to Region N. In contrast, CN 804 

reduced the underestimation (BIAS = −0.11 mm h−1) and RMSE (3.45 mm h−1) when 805 

compared with FG (Table 4b); further, it yielded higher thread scores (TSh = 0.14 and 806 
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TSw = 0.45) than FG (TSh = 0.10 and TSw = 0.41). Thus, the EnVar employed herein 807 

improved the 6-h precipitation forecast. Figure 11c illustrates that CN provided a better 808 

typhoon position forecast than FG by moving the typhoon center northward. CN had a 809 

higher TSh than FG by strengthening the precipitation around the typhoon (Region Mc). 810 

However, the TSh for the CN forecast worsened when compared with that for the 811 

analysis because heavy-rain areas were displaced around the typhoon. CN reduced the 812 

precipitation displacement error with respect to Region N, resulting in a higher TSw 813 

than FG. 814 

 815 

We verified GD and MLD for the forecast contribution of both assimilation methods. 816 

Table 4b indicates that GD had the worst TSh among the experiments because it 817 

forecasted weaker precipitation than FG around the typhoon (Fig. 11d). In contrast, the 818 

TSh (0.15) of MLD was comparable with that of CN, whereas its TSw (0.42) was close 819 

to that of FG. Figure 11e illustrates that MLD was similar to CN around the typhoon, 820 

resulting in a high TSh. MLD was similar to FG for Region N, which was reflected in 821 

the low TSw. These results indicate that the introduction of the mixed lognormal PDF 822 

contributed to the improvement of heavy-rain forecast around the typhoon and that the 823 

use of PDF pseudo-regimes reduced the precipitation forecast displacement error around 824 
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the front. 825 

 826 

We also compared NW and ND to see the forecast impacts of CN analysis increments 827 

with respect to water substances and other variables. Table 4b indicates that NW (ND) 828 

provided the same value of TSw as FG (CN), whereas the TSh values of both of them 829 

were lower than that of CN. Figures 11f and g show that NW and ND resulted in 830 

intermediate values with respect to those of CN and FG for heavy rain forecasts around 831 

the typhoon. NW and ND were similar to FG and CN, respectively, for the precipitation 832 

forecast around the front. Thus, both the water substances and other variables improved 833 

the forecast of heavy rain around the typhoon. Further, water substances considerably 834 

influenced the reduction of the precipitation forecast displacement error around the 835 

front. 836 

 837 

We verified the impacts of DEC on the 6-h CRM forecast by comparing CN and SD. 838 

Table 4b indicates that SD resulted in a lower TSh (0.09) than CN (0.14). As shown in 839 

Figs. 11c and h, this can be mainly attributed to the fact that SD forecasted a weaker 840 

precipitation around the typhoon center when compared with CN. CN forecasted areas 841 

with a precipitation heavier than 20 mm h−1 toward the north of the typhoon center, and 842 



48 
 

SD forecasted heavy precipitation approximately 40 km north of the typhoon center. 843 

The results suggest that the correction of the typhoon center position with DEC 844 

improved not only the typhoon position forecasts but also the precipitation forecasts 845 

around the typhoon. 846 

 847 

We also compared the CRM forecasts of the experiments over a longer period. Table 5 848 

shows the quantitative validation results of CRM up to-18 h forecasts for the 3-h-849 

averaged precipitation given by FG and CN using GSMaP retrieval for 14 UTC 7-05 850 

UTC 8 September, 2015. This indicates that the EnVar employed in this study improved 851 

the BIAS and the threat scores of the CRM precipitation forecasts for 12 h. 852 

 853 

In contrast, the experiments retained distinct forecast differences for more than 24 h 854 

with respect to the position and the CSP of the typhoon with a lifespan of a few days 855 

(Table 6a and Fig. 12). We calculated the period–mean forecast error of the typhoon 856 

position and CSP of the experiments to evaluate the impacts of the EnVar employed in 857 

this study on the typhoon forecasts (Table 6b). For this calculation, we used the JMA 858 

Best Track data as the truth data. BIAS_N, BIAS_E, and RMSE_POS are the averages 859 

in the north and east directions and the root mean square of the forecast error of the 860 
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typhoon position in km, respectively. BIAS and RMSE denote the averages and the root 861 

mean square of the forecast error of CSP in hPa, respectively. 862 

 863 

A comparison of CN and FG with the best track showed that CN yielded better typhoon 864 

position forecasts (RMSE_POS = 89.4 km) than FG (RMSE_POS = 119.9 km) based on 865 

the forecast of the typhoon locations north to the northeast of FG. CN also provided 866 

better typhoon intensity forecasts (BIAS = −1.0 hPa and RMSE = 2.0 hPa) than FG 867 

(BIAS = 2.8 hPa and RMSE = 3.0 hPa) by lowering the CSP. This means that the EnVar 868 

employed in this study improved the typhoon forecasts for more than 24 h. By 869 

examining the evolution of the CRM forecasts of the experiments, we found that CSP 870 

deepening occurred after the formation of heavy-rain areas near the typhoon center 871 

(figure not shown). 872 

 873 

GD yielded typhoon forecasts (RMSE_POS = 105.7 km and RMSE = 3.6 hPa) similar 874 

to those of FG. MLD showed northward movement of the typhoon (BIAS_N = −66.0 875 

km) faster than CN, and its RMSE_POS (89.9 km) was comparable with that of CN. 876 

MLD also had the same mean forecast error of CSP (BIAS = −1.0 hPa) as CN; however, 877 

its RMSE (4.5 hPa) was worse because of the large temporal variation of CSP. The 878 
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mixed lognormal PDF considerably affected the typhoon forecasts. The PDF pseudo-879 

regimes also had significant impacts. 880 

 881 

We compared NW and ND with CN and found that ND resulted in typhoon position 882 

forecasts (RMSE_POS = 95.6 km) close to those of CN. The forecast error of NW was 883 

comparable with that of CN for the typhoon CSP (BIAS = 0.2 hPa and RMSE = 2.1 884 

hPa). These interesting results indicate that the changes in water substance mainly 885 

affected the typhoon position forecasts while the increments of other variables had 886 

impacts on the typhoon intensity forecasts. 887 

 888 

SD forecasted the slowest northward movement (Bias_N = −140.8 km) and the 889 

shallowest CSP (Bias = 5.0 hPa) of the typhoon. The underestimation of CSP deepening 890 

can be mainly attributed to the displacement of heavy-rain areas from the typhoon 891 

center in SD forecast (Fig. 11h). This suggests that DEC improved the typhoon intensity 892 

forecast by reflecting the observed relative location between the typhoon center and the 893 

heavy rain areas to the analysis. 894 

 895 

4.2 Comparison between the forecast analysis cycle and single-time observation 896 
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assimilation 897 

 898 

a.  Description of the experiments 899 

We examined how the assimilation of MWI TBs with a forecast analysis cycle 900 

improved CRM forecasts compared with a single-time observation assimilation. To this 901 

end, we performed the following two experiments with the EnVar employed in this 902 

study. 903 

1) SO: a single-time observation assimilation incorporating the all-sky AMSR2 904 

TBs and conventional data for 17 UTC, September 8, 2015 using the CRM 905 

ensemble forecasts started at 00 UTC, September 8. 906 

2) FA: a forecast analysis cycle, which assimilated the all-sky MWI TBs and 907 

conventional data for 14 UTC, 7 (GMI), 07 UTC, 8 (SSMIS), and 17 UTC, 8 908 

(AMSR2), September 2015 using the CRM ensemble forecasts started at 00 909 

UTC, September 7. 910 

 911 

b.  Impacts on analysis 912 

First, we describe the observed precipitation features in the vicinity of Japan at 17 UTC, 913 

September 8, 2015 using JHP (Fig. 13a) and AMSR2 TB89v (Fig. 13b). At this time, 914 
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T1518 moved northward over the ocean south of Tokai, and its surrounding precipitation 915 

covered a wide range from western to northern Japan. Heavy rain (PR > 10 mm h−1) was 916 

observed over the ocean north of the typhoon center (Region O). Other heavy-rain areas 917 

were located in western Kanto (Region P) and considered as orographic shallow rain 918 

because of the small depression of AMSR2 TB89v. In addition, there was a narrow rain 919 

band, including heavy rain from the Sea of Japan to the ocean south of Shikoku. 920 

 921 

We also compared the analyses of SO and FA with the observation. Table 7a shows the 922 

quantitative validation results of the experimental precipitation analyses using JHP for 923 

17 UTC, September 8, 2015. This indicates that SO underestimated the surface 924 

precipitation compared to JHP (BIAS = −0.19 mm h−1) and that FA reduced the 925 

underestimation (BIAS = −0.05 mm h−1). FA also resulted in a considerably higher TSh 926 

(0.24) than SO (0.17). As shown in Figs. 13c and e, SO overestimated (underestimated) 927 

the southern (northern) part of Region O, whereas FA gave a precipitation pattern close 928 

to that of JHP. This was reflected in the better TSh of FA when compared with that of 929 

SO. This difference was mainly caused by SO having a southward displacement error in 930 

the EnVar first guess, whereas the first guess of FA yielded a realistic precipitation for 931 

Region O. Both SO and FA failed to retrieve the heavy rain with respect to Region P 932 
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probably because the CRM could not reproduce this shallow orographic rain. This 933 

failure made the TSh of the FA analysis (0.24) significantly lower than that of CN 934 

analysis (0.52). 935 

 936 

c.  Impacts on CRM forecasts 937 

First, we compared the 3-h CRM forecasts of the experiments with JHP. Table 7b shows 938 

the quantitative validation results of the 3-h precipitation forecasts of the experiments 939 

using JHP for 20 UTC, September 8, 2015. Figure 14a displays the JHP for this time. 940 

Figures 14b and c present the 3-h CRM forecasts for the precipitation, pressure, and 941 

horizontal winds at the surface given by SO and FA, respectively. 942 

 943 

Figure 14a shows that T1518 rapidly moved northward, and the heavy-rain areas north 944 

of its center (Region Q) were over the coastal regions from Tokai to Kanto at this time. 945 

 946 

Table 7b indicates that FA resulted in higher threat scores (TSh = 0.17 and TSw = 0.52) 947 

than SO (TSh = 0.05 and TSw = 0.48). In Figs. 14b and c, SO displaced Region Q by 948 

approximately 100 km and FA agreed well with JHP about the heavy-rain location. 949 

These differences resulted in improvements in the threat scores of FA when compared 950 
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with those of SO. FA also resulted in a better typhoon position forecast compared with 951 

SO by moving the typhoon center northward. This resulted in a conclusion similar to 952 

that in Section 4.1c, wherein a better analysis around the typhoon improved the 953 

precipitation and position forecasts of the typhoon. 954 

 955 

Next, we describe the CRM forecasts of the experiments after 12 h. Table 7c shows the 956 

quantitative validation results of the 21-h precipitation forecasts of the experiments 957 

using JHP for 14 UTC, September 9, 2015. Figure 15a displays the JHP for this time. 958 

Figures 15b and c present the 21-h CRM forecasts for the precipitation, pressure, and 959 

horizontal winds at the surface given by SO and FA, respectively. 960 

 961 

JHP showed that a heavy-rain band in the north–south direction stagnated at 962 

approximately 139–140 E after 05 UTC, September 9 (Region Ra). SO indicated a rain 963 

band at approximately 138 E at 05 UTC, September 9 (12-h forecast), which was not 964 

maintained subsequently. At 14 UTC, September 9 (21-h forecast), SO had a few weak-965 

rain bands at approximately 137–138 E (Region Rb). FA indicated a rain band at 966 

approximately 138 E at 05 UTC, September 9 that was strengthened and stagnated 967 

around 138.5 E (Region Rc) until 23 UTC, September 10 (30-h forecast). However, 968 
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even FA resulted in a TSh value of zero for the 21-h forecast because it still displaced 969 

the heavy-rain band by approximately 100 km (Table 7c). 970 

 971 

We estimated the forecast deviations, FA–SO, for various variables to find the reason 972 

for these differences in the forecasted rain band features. Figure 16a illustrates that 973 

lower tropospheric winds exhibited west-to-northwest deviations around the rain band 974 

(Region S). These wind deviations strengthened the precipitation and pushed the rain 975 

band eastward. 976 

 977 

These deviations were collocated with the boundary of the positive pressure deviation 978 

area south of the typhoon. We checked the evolution of forecast deviations to find that 979 

the positive pressure deviations seemed to originate from the west and southwest of the 980 

typhoon at the initial time (Region T). Hence, the analysis of the dynamic variables 981 

around the typhoon may have contributed to an improved forecast for the rain band. 982 

 983 

5. Summary and discussion 984 

 985 

5.1 Summary 986 
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In this study, we considered the remaining issues of precipitation assimilation, the non-987 

Gaussian PDF, and the displacement error of precipitation for better assimilation of the 988 

all-sky MWI TBs into a CRM. 989 

 990 

We evaluated the fits of the precipitation forecast perturbations of various disturbance 991 

cases to the existing non-Gaussian PDF models with the chi-square value presented by 992 

Lien et al. (2016). Based on the obtained results, we decided to use the mixed lognormal 993 

distribution as the precipitation PDF model and introduced rain-free and rainy PDF 994 

regimes to the EnVar employed in this study. We also developed a new precipitation 995 

displacement correction method that introduced the pseudo rain-free, rainy, and heavy-996 

rain regimes and approximated their PDFs as the regional average of the PDFs around 997 

the target point. The aforementioned methods improved the bias and normality of the 998 

TB differences between the observation and the first guess in rainy areas. 999 

 1000 

The experimental results for T1518 showed that the EnVar employed herein resulted in 1001 

precipitation analyses more similar to the GSMaP retrievals than the conventional 1002 

EnVar using a single normal PDF regime for precipitation. The introduction of the 1003 

mixed lognormal PDF strengthened the precipitation analysis for the heavy-rain areas 1004 
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around the typhoon and the front. The use of the PDF pseudo-regimes considerably 1005 

reduced the precipitation displacement error of the analysis. The EnVar employed herein 1006 

also improved the CRM forecasts for the precipitation distribution up to 12 h and the 1007 

typhoon position and CSP for more than 24 h. The forecast analysis cycle of the EnVar 1008 

improved the CRM forecasts for heavy rain around the typhoon center up to 6 h and the 1009 

heavy-rain band associated with the typhoon for more than 24 h compared to the EnVar 1010 

in which a single-time TB observation was incorporated. 1011 

 1012 

5.2 Discussion 1013 

First, we discuss our approach to the non-Gaussian nature of precipitation. Previous 1014 

studies, such as those conducted by Lien et al. (2016), focused on transforming 1015 

precipitation into normally distributed control variables. The present study is 1016 

characterized by the introduction of multiple PDF regimes for precipitation into EnVar 1017 

by assuming a mixed lognormal distribution of precipitation. 1018 

 1019 

This method improved the heavy-rain analysis compared to the conventional method by 1020 

assuming normal precipitation distribution. This improvement can be mainly attributed 1021 

to the usage of the ensemble mean and the forecast error covariance in case of the rainy 1022 
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regime. This made the mean and STD of precipitation of the EnVar employed in this 1023 

study higher than those of the conventional method. Further, the (TBo − TBc) bias in 1024 

rainy areas was reduced, as shown in Section 3.2. 1025 

 1026 

Next, we discuss the features of the new displacement correction method presented in 1027 

this study. In addition to the large-scale displacement error correction presented in our 1028 

previous study (Aonashi and Eito, 2011), we introduced PDF pseudo-regimes for the 1029 

rain-free, rainy, and heavy-rain regimes to EnVar. This method provided EnVar with 1030 

PDF regimes corresponding to TBo and considerably reduced the precipitation 1031 

displacement error of the analysis. For simplicity, we approximated the PDFs of the 1032 

pseudo-regimes as the regional average of the PDFs around the target point. In future, 1033 

we aim to test other alternatives for pseudo-regime PDFs to evaluate their advantages 1034 

and disadvantages. 1035 

 1036 

In addition, we found a very interesting result that the ensemble forecast perturbations 1037 

for heavy rain were similar over a wide range for T1518 (Fig.8). This was convenient 1038 

for the EnVar because areas with heavy rain were very confined in the CRM ensemble 1039 
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forecasts. However, to generalize this result, we must study many cases, including the 1040 

TRMM and GPM observations. 1041 

 1042 

Next, we discuss the impact durations of the precipitation assimilation of the forecasts. 1043 

Many previous studies, including that of Tsuyuki and Miyoshi (2007), reported impact 1044 

durations of up to 24 h, whereas Lien et al. (2013) reported a much longer duration of 1045 

approximately 5 days. The results of this study indicated that the impact durations were 1046 

approximately 12 h for precipitation forecasts and more than 24 h for typhoon forecasts. 1047 

 1048 

The long impact duration can be mainly attributed to the EnVar analysis increments that 1049 

changed the position and intensity forecasts of the typhoon. The forecast impacts 1050 

remained for a long period because EnVar changed the evolution of active disturbance 1051 

with a lifespan of a few days. 1052 

 1053 

Finally, we discuss the improvement in typhoon forecasts by all-sky MWI TB 1054 

assimilation. We calculated the period–mean forecast error associated with the typhoon 1055 

position and CSP using JMA Best Track data to evaluate the impacts of EnVar on the 1056 

typhoon forecasts. Assimilation with the EnVar employed in this study improved the 1057 
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typhoon position and intensity forecasts for more than 24 h; further, DEC contributed to 1058 

the typhoon position and intensity forecasts. However, statistical verification must be 1059 

conducted for various typhoons to generalize these results. 1060 

 1061 

Interesting results were obtained from this study. The analysis increments of water 1062 

substances mainly affected the typhoon position forecasts, whereas those of the 1063 

remaining variables affected the typhoon intensity forecasts (Table 6b). The forecast 1064 

analysis cycle improved the forecasts for the heavy-rain band associated with the 1065 

typhoon. We aim to investigate these mechanisms in the future. 1066 
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Figure 1: TB at 18 GHz with vertical polarization in K (TB18v) observed with  1190 
(a) GMI (14 UTC, September 7, 2015) 1191 
(b) SSMIS (07 UTC, September 8, 2015) 1192 
(c) AMSR2 (17 UTC, September 8, 2015). 1193 
The color bars are TB18v in K. Red lines denote latitude and longitude at every 5 degree. 1194 
Thick black lines with the mark “   “ denote fronts. (No fronts were analyzed for 17 1195 

UTC, September 8, 2015.) Crosses (×) denote the typhoon centers obtained from the 1196 

best track data. 1197 
 1198 
Figure 2:  1199 
(a) GSMaP surface precipitation in mm h-1 for 14 UTC, September 7, 2015. A thick black 1200 

line with the mark “   “ denotes a front. 1201 
(b) The mean of the 14-h CRM ensemble forecasts starting at 00 UTC, September 7, 2015 1202 

for precipitation in mm h-1 (shade), pressure in hPa (contours), and horizontal winds 1203 
at surface in m sec-1 (arrows).  1204 

(c) Same as (b) but for the mean of the 14-h CRM ensemble forecasts starting at 00 UTC, 1205 
September 7, 2015 after DEC. 1206 

(d) Same as (b) but for the mean of the rainy regime of the 14-h CRM ensemble forecasts 1207 
starting at 00 UTC, September 7, 2015 after DEC.  1208 

The color bar is surface precipitation in mm h-1. Cross (×) denotes the typhoon centers 1209 

obtained from the best track data. Pluses (+) denote points with the minimum ensemble-1210 
mean surface pressure. 1211 
 1212 
Figure 3: Concept of Dual-scaled Neighboring Ensemble (DuNE) 1213 
(a) Ensemble 1214 
(b) Neighboring Ensemble 1215 
(c) Dual-scaled Neighboring Ensemble 1216 
 1217 
Figure 4: The distribution of the fits, 2χ  (dimensionless) of surface precipitation for the 1218 
PDF models calculated from 14-h CRM ensemble forecasts starting at 00 UTC, 1219 
September 7, 2015 after DEC. 1220 
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(a) for the N model 1221 
(b) for the MN model 1222 
(c) for the LN model 1223 
(d) for the MLN model 1224 

The color bars are 2χ  (dimensionless). 1225 

 1226 
Figure 5: The probability distribution of TBo and TBcs for GMI TB18v at 14 UTC, 1227 
September 7, 2015.  1228 
(a) The joint probability distribution of TBo and TBcs in the calculated rain-free 1229 
       and rainy areas. 1230 
      Contours are at 0.001, 0.003, 0.005, 0.01, 0.03, 0.05, and 0.1. 1231 
(b) The probability distribution of (TBo-TBc) which was standardized  1232 
      with the mean and STD of (TBo-TBc) in the calculated rain-free and rainy areas. 1233 
      The black dot line is the normal distribution. 1234 
(c) The joint probability distribution of TBo and TBcs in the pseudo areas 1235 
     and the all-member mean TBc in the calculated rain-free areas.  1236 
      Contours are at 0.001, 0.003, 0.005, 0.01, 0.03, 0.05, and 0.1. 1237 
(d) The probability distribution of (TBo-TBc) which was standardized  1238 
      with the mean and STD of (TBo-TBc) in the pseudo areas. 1239 
      The black dot line is the normal distribution. 1240 
Black: the all-member mean TBc in the calculated rain-free areas, 1241 
Green: the all-member mean TBc in the calculated rainy areas,  1242 
Blue: the rain-free mean TBc, and Red: the rainy mean TBc.  1243 
Purple: the all-member mean TBc in the pseudo areas,  1244 
Orange: the pseudo mean TBc. 1245 
 1246 
Figure 6: The RCPO of the 14-h CRM ensemble forecasts (after DEC) started with 00 1247 
UTC, September 7, 2015 after DEC. (dimensionless). 1248 
(a) The rain-free regime 1249 
(b) The rainy regime 1250 
Areas with the zero-prior probability and zero-MCLF are black and gray, respectively. 1251 
The color bars are the conditional probability of the regimes (dimensionless). 1252 
 1253 
Figure 7: 1254 
(a) The regimes with maximum RCPO for 14 UTC, September 7, 2015. Blue: the rain-1255 
free regime, Red: the rainy regime. Areas where no regimes had positive RCPO are gray. 1256 
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(b) The regimes (including the pseudo-regimes) with maximum RCPO for 14 UTC, 1257 
September 7, 2015. Blue: the rain-free regime, Red: the rainy regime, Gray: the pseudo 1258 
rain-free regime, Orange: the pseudo rainy regime, Yellow: the pseudo heavy rain regime. 1259 
 1260 
Figure 8: Dice Coefficients for the 14-h CRM ensemble forecasts (after DEC) started with 1261 
00 UTC, September 7, 2015 (dimensionless). 1262 
(a) For a rain-free point ( ) 1263 
(b) For a heavy rain point ( ) 1264 
The color bars are Dice Coefficients (dimensionless). 1265 
 1266 
Figure 9: The FG analysis (contours) and the (CN-FG) analysis increments (shades)  1267 
(a) For surface precipitation in mm h-1. The color bar is the (CN-FG) analysis 1268 

increments for surface precipitation in mm h-1 1269 
(b) For w at a height of 5000 m in m sec-1. The color bar is the (CN-FG) analysis 1270 

increments for w at a height of 5000 m in m sec-1. 1271 
(c) For RTW at a height of 1460 m in %. The color bar is the (CN-FG) analysis 1272 

increments for RTW at a height of 1460 m in %. 1273 
(d) For surface pressure in hPa. Arrows are the (CN-FG) analysis increments for the 1274 

surface horizontal winds in m sec-1 The color bar is the (CN-FG) analysis 1275 
increments for surface pressure in hPa. 1276 

 1277 
Figure 10: 1278 
(a) The GSMaP surface precipitation in mm h-1 for 14 UTC, September 7, 2015. A thick 1279 

black line with the mark “   “ denotes a front. 1280 
(b) The analyses given by FG for precipitation in mm h-1 (shade), pressure in hPa 1281 

(contours), and horizontal winds at surface in m sec-1 (arrows). The color bars are 1282 
surface precipitation in mm h-1.  1283 

(c) Same as (b) but by CN 1284 
(d) Same as (b) but by GD 1285 
(e) Same as (b) but by MLD 1286 
(f) Same as (b) but by SD 1287 
The color bars are surface precipitation in mm h-1. 1288 

 1289 
Figure 11:  1290 
(a) The GSMaP surface precipitation in mm h-1 for 20 UTC, September 7, 2015. A thick 1291 

black line with the mark “   “ denotes a front. 1292 
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(b) Same as Fig. 10b but for the CRM 6-h forecasts given by FG. 1293 
(c) Same as (b) but by CN 1294 
(d) Same as (b) but by GD 1295 
(e) Same as (b) but by MLD 1296 
(f) Same as (b) but by NW 1297 
(g) Same as (b) but by ND. 1298 
(h) Same as (b) but by SD 1299 
The color bars are surface precipitation in mm h-1. 1300 
 1301 
Figure 12 1302 
(a) Same as Fig.10b but for the CRM 24-h forecasts given by FG. 1303 
(b) Same as (a) but by CN 1304 
 1305 
Figure 13 1306 
(a) The JHP in mm h-1for 17 UTC, September 8, 2015. The dotted lines denote the 1307 

detective range of JHP. The color bar is surface precipitation in mm h-1. 1308 
(b) AMSR2 TB89v in K for 17 UTC, September 8, 2015. The color bar is TB89v in K. 1309 
(c) The analysis for precipitation in mm h-1 (shade), pressure in hPa (contours), and 1310 

horizontal winds at surface in m sec-1 (arrows) given by SO. The color bar is surface 1311 
precipitation in mm h-1. 1312 

(d) Same as (c ) but for the first guess of SO.  1313 
(e) Same as (c) but by FA 1314 
(f) Same as (d) but for the first guess of FA. 1315 
 1316 
Figure 14 1317 
(a) Same as Fig. 13a but for the JHP for 20 UTC, September 8, 2015. 1318 
(b) Same as Fig. 13c but for the CRM 3-h forecasts given by SO 1319 
(c) Same as (b) but by FA. 1320 
 1321 
Figure 15 1322 
(a) Same as Fig. 13a but for the JHP for 14 UTC, September 9, 2015. 1323 
(b) Same as Fig. 13c but for the CRM 21-h forecasts by SO 1324 
(c) Same as (b) but by FA. 1325 
 1326 
Figure 16: Deviations of FA from SO for pressure in hPa (shade), and horizontal winds at 1327 
surface in m sec-1 (arrows) 1328 
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(a) For the CRM 21-h forecast 1329 
(b) For the analysis. 1330 
The color bars are (FA-SO) pressures deviations in hPa. Contours are surface pressure in 1331 

hPa. 1332 
 1333 
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Figure 1: TB at 18 GHz with vertical polarization in K (TB18v) observed with 
GMI (14 UTC, September 7, 2015)
SSMIS (07 UTC, September 8, 2015)
AMSR2 (17 UTC, September 8, 2015).
The color bars are TB18v in K. Red lines denote latitude and longitude at every 5 degree.
Thick black lines with the mark “ “ denote fronts. 
(No fronts were analyzed for 17 UTC, September 8, 2015.) 
Crosses (×) denote the typhoon centers obtained from the best track data.
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Figure 2: 
(a) GSMaP surface precipitation in mm h-1 for 14 UTC, September 7, 2015. A thick black line with 

the mark “ “ denotes a front.
(b) The mean of the 14-h CRM ensemble forecasts starting at 00 UTC, September 7, 2015
for precipitation in mm h-1 (shade), pressure in hPa (contours), 
and horizontal winds at surface in m sec-1 (arrows).
(c ) Same as (b) but for the mean of the 14-h CRM ensemble forecasts
starting at 00 UTC, September 7, 2015 after DEC.

(d) Same as (b) but for the mean of the rainy regime  of the 14-h CRM ensemble forecasts starting at 
00 UTC, September 7, 2015 after DEC.
The color bar is surface precipitation in mm h-1.
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Fig.3
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Figure 3: Concept of Dual-scaled Neighboring Ensemble (DuNE)
(a) Ensemble
(b) Neighboring Ensemble
(c ) Dual-scaled Neighboring Ensemble
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Figure 4: The distribution of the fitness      (dimensionless) of surface precipitation 
for the PDF models calculated from 14-h CRM ensemble forecasts 
starting at 00 UTC, September 7, 2015 after the DEC.
(a) For the N model
(b) For the MN model
(c) For the LN mode
(d) For the MLN mode
The color bars are        (dimensionless).
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Figure 5: The probability distribution of TBo and TBcs for 
GMI TB18v at 14 UTC,  September 7, 2015. 
(a) The joint probability distribution of TBo and TBcs in the calculated rain-free

and rainy areas.
Contours are at 0.001, 0.003, 0.005, 0.01, 0.03, 0.05, and 0.1.

(b) The probability distribution of (TBo-TBc) which was standardized 
with the mean and STD of (TBo-TBc) in the calculated rain-free and rainy areas.
The black dot line is the normal distribution.

(c) The joint probability distribution of TBo and TBcs in the pseudo areas
and the all-member mean TBc in the calculated rain-free areas. 
Contours are at 0.001, 0.003, 0.005, 0.01, 0.03, 0.05, and 0.1.

(d) The probability distribution of (TBo-TBc) which was standardized 
with the mean and STD of (TBo-TBc) in the pseudo areas.
The black dot line is the normal distribution.

Black: the all-member mean TBc in the calculated rain-free areas,
Green: the all-member mean TBc in the calculated rainy areas, 
Blue: the rain-free mean TBc, and Red: the rainy mean TBc. 
Purple: the all-member mean TBc in the pseudo areas, 
Orange: the pseudo mean TBc.
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Figure 6: The conditional probability of the regimes of 
the 14-h CRM ensemble forecasts (after the DEC) 
started with 00 UTC, September 7, 2015.
(a) The rain-free regime
(b)  The rainy regime
Areas with the zero-prior probability and zero-MCLF are 
black and gray, respectively.
The color bars are the conditional probability of the regimes (dimensionless).



Fig.7

Figure 7: 
(a) The regimes with the maximum RCPO for 14 UTC, September 7, 2015. 
Blue: the rain-free regime, Red: the rainy regime. 
Areas where no regimes had positive conditional probability are gray.

(b) The regimes (including the pseudo regimes) with the maximum RCPO 
for 14 UTC, September 7, 2015. 
Blue: the rain-free regime, Red: the rainy regime, 
Gray: the pseudo rain-free regime, 
Orange: the pseudo rainy regime, 
Yellow: the pseudo heavy rain regime.
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Fig.8

Figure 8: Dice Coefficients for the 14-h CRM ensemble forecasts
(after the DEC) started with 00 UTC, September 7, 2015 (dimensionless).
(a) For a rain-free point
(b) For a heavy rain point
The color bars are Dice Coefficients (dimensionless).
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Figure 9: The FG analysis (contours) and the (CN-FG) analysis increments (shades) 
(a) For surface precipitation in mm h-1. The color bar is the (CN-FG) analysis increments

for surface precipitation in mm h-1

(b) For W at a height of 5000 m in m sec-1. The color bar is the (CN-FG) analysis increments
for W at a height of 5000 m in m sec-1.

(c )For RTW at a height of 1460 m in %. The color bar is the (CN-FG) analysis increments
for RTW at a height of 1460 m in %.

(d) For surface pressure in hPa. Arrows are the (CN-FG) analysis increments 
for the surface horizontal winds in m sec-1 .

The color bar is the (CN-FG) analysis increments for surface pressure in hPa.
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(c)

Fig.10

Figure 10:
(a) The GSMaP surface precipitation in mm h-1 for 14 UTC, September 7, 2015. 

A thick black line with the mark “ “ denotes a front.
(b) The analyses for precipitation in mm h-1 (shade), pressure in hPa (contours), 
and horizontal winds at surface in m sec-1 (arrows) given by FG.
The color bars are surface precipitation in mm h-1.

(c ) Same as (b) but by CN
(d) Same as (b) but by GD
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(e) (f)

Fig.10

Figure 10: 
(e ) Same as (b) but by MLD.
(f )  Same as (b) but by SD.
The color bars are surface precipitation in mm h-1.
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Figure 11:
(a) The GSMaP surface precipitation in mm h-1 for 20 UTC, September 7, 2015.

A thick black line with the mark “ “ denotes a front.
(b) Same as Fig. 10b but for the CRM 6-h forecasts given by FG.
(c ) Same as (b) but by CN
(d) Same as (b) but by GD
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Figure 11:
(e) Same as (b) but by MLD
(f)  Same as (b) but by NW
(g) Same as (b) but by ND.
(h) Same as (b) but by SD.
The color bars are surface precipitation in mm h-1.
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(a) (b)

Figure 12
(a) Same as Fig.10b but for the CRM 24-h forecasts given by FG.
(b) Same as (a) but by CN
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Figure 13
(a) The JHP in mm h-1 for 17 UTC, September 8, 2015. The dotted lines denote 
the detective range of JHP. The color bar is surface precipitation in mm h-1.
(b) AMSR2 TB89v in K for 17 UTC, September 8, 2015. The color bar is TB89v in K.
(c ) The analysis for precipitation in mm h-1 (shade), pressure in hPa (contours), 
and horizontal winds at surface in m sec-1 (arrows) given by SO. 
The color bar is surface precipitation in mm h-1.
(d) Same as (c ) but for the first guess of SO. 
(e) Same as (c) but by FA
(f)  Same as (d) but for the first guess of FA.
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Figure 14
(a) Same as Fig. 13.a but for the JHP 
for 20 UTC, September 8, 2015.

(b) Same as Fig. 13.c but for the CRM 
3-h forecasts given by SO

(c ) Same as (b) but by FA.+
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Figure 15
(a) Same as Fig. 13.a but for the JHP 
for 14 UTC, September 9, 2015.

(b) Same as Fig. 13.c but for the CRM 
21-h forecasts given by SO

(c ) Same as (b) but by FA.
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Figure 16: Deviations of FA from SO for pressure in hPa (shade), 
and horizontal winds at surface in m sec-1 (arrows)
(a) For the CRM 21-h forecast
(b) For the analysis.
The color bars are (FA-SO) pressures deviations in hPa. 
Contours are surface pressure in hPa.
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BIAS_N, BIAS_E and RMSE_POS are the averages in the north and the east directions 
and the root mean square of the forecast error of the typhoon position in km. BIAS and 
RMSE denote the averages and the root mean square of the forecast error of CSP in hPa. 
 
Table 7: The quantitative validation results of SO and FA using the JHP data  
(a) For precipitation analyses (17 UTC 8 Sept. 2015) 
(b) For CRM three-hour forecasts (20 UTC 8 Sept. 2015) 
(c) For CRM 21-hour forecasts (14 UTC 9 Sept. 2015) 
 
AVE denotes the average of the experimental precipitation data in mm hr-1. BIAS and 
RMSE are the average and the root mean square error of the experimental precipitation 
data minus the JHP data in mm hr-1. TSh and TSw denote the threat scores for heavy rain 
events (threshold: 10 mm hr-1) and whole rain events (threshold: 0.1 mm hr-1). 
 
  



 

Date  Lat (N) Lon (E ) CSP(hPa) Date Lat (N) Lon (E ) CSP(hPa) 

9/7 00UTC 23.1 138.8 1002 9/8 12UTC 31.0 138.3 985 
9/7 06UTC 24.1 138.6 1000 9/8 18UTC 33.1 137.6 985 
9/7 12 UTC 25.1 138.4 998 9/9 00UTC 34.5 137.1 990 
9/7 18 UTC 26.3 138.3 996 9/9 06UTC 37.2 136.3 998 
9/8 00 UTC 27.7 138.3 990 9/9 12UTC 38.0 135.0 998 
9/8 06 UTC 29.3 138.3 985 9/9 18UTC 39.0 134.4 998 

 

Table 1: The six-hourly best track for position and central surface pressure (CSP) of 
T1518 announced by JMA. Letters are bold during the typhoon period of T1518. 
  



 

Variable PDF 
model 

T1518 T1411 T1306 Low Baiu T0404 

U N 0.137777 0.140946 0.142429 0.134439 0.137661 0.134281 

V N 0.140646 0.136478 0.146513 0.133005 0.129597 0.135324 

RTW N 0.16218 0.15905 0.160635 0.148547 0.156736 0.155305 

PT N 0.183437 0.178163 0.151429 0.160883 0.158299 0.140083 

Ps N 0.144854 0.141179 0.130186 0.131303 0.132551 0.131654 

PR N 0.836268 0.769737 0.438755 0.935178 0.835169 0.794864 

PR MN 0.498032 0.533968 0.267294 0.503622 0.36543 0.500919 

PR LN 0.448359 0.331155 0.221328 0.811944 0.660265 0.639613 

PR MLN 0.228339 0.25117 0.186656 0.261187 0.209175 0.231825 

 

Table 2: The domain-averaged 2χ  of surface variables to PDF models for the target 
cases (N: Normal distribution, MN: Mixed-normal distribution, LN: Lognormal 
distribution, MLN: Mixed-lognormal distribution) 

 

  



 

Regime TB10v (K) TB18v (K) TB23v (K) TB36v (K) TB89v (K) 
Rain-free 0.73 1.88 2.58 1.99 1.30 
Rainy 1.92 4.99 4.61 9.62 10.86 

 
Table 3: The observation error STDs of the GMI TBo with vertical polarization in K for 
the rain-free and the rainy regimes for 14 UTC, September 7, 2015 
 
  



(a) 
Experiment AVE 

(mm hr-1) 
BIAS 
(mm hr-1) 

RMSE  
(mm hr-1) 

TSh TSw  

FG 0.15 -0.14 1.60 0.16 0.30 
CN 0.24 -0.05 1.06 0.52 0.50 
GD 0.11 -0.18 1.53 0.06 0.31 
MLD 0.16 -0.13 1.41 0.33 0.30 
SD 0.24 -0.05 1.10 0.56 0.51 

 
(b) 

Experiment AVE 
(mm hr-1) 

BIAS 
(mm hr-1) 

RMSE  
(mm hr-1) 

TSh TSw  

FG 0.36 -0.18 3.63 0.10 0.41 
CN 0.43 -0.11 3.45 0.14 0.45 
GD 0.36 -0.18 3.76 0.07 0.43 
MLD 0.39 -0.15 3.09 0.15 0.42 
NW 0.37 -0.17 3.76 0.09 0.41 
ND 0.42 -0.12 3.40 0.12 0.45 
SD 0.42 -0.12 3.73 0.09 0.45 

 
Table 4: The quantitative validation results of the single-time observation experiments 
using the GSMaP retrievals  
(a) For precipitation analyses (14 UTC 7 Sept. 2015) 
(b) For CRM six-hour forecasts (20 UTC 7 Sept. 2015) 
 
AVE denotes the average of the experimental precipitation data in mm hr-1. BIAS and 
RMSE are the average and the root mean square error of the experimental precipitation 
data minus the GSMaP retrieval in mm hr-1. TSh and TSw denote the threat scores for 
heavy rain events (threshold: 10 mm hr-1) and whole rain events (threshold: 0.1 mm hr-1). 
  



 

Experiment AVE 
(mm hr-1) 

BIAS 
(mm hr-1) 

RMSE  
(mm hr-1) 

TSh TSw  

FG(00-03h) 0.23 -0.13 1.49 0.11 0.39 
CN(00-03h) 0.31 -0.05 1.26 0.19 0.51 
FG(03-06h) 0.33 -0.13 2.10 0.03 0.43 
CN(03-06h) 0.39 -0.07 1.96 0.11 0.47 
FG(06-09h) 0.38 -0.15 2.70 0.09 0.52 
CN(06-09h) 0.43 -0.10 2.85 0.14 0.52 
FG(09-12h) 0.35 -0.13 1.98 0.00 0.50 
CN(09-12h) 0.37 -0.11 2.05 0.05 0.52 
FG(12-15h) 0.28 -0.17 1.70 0.00 0.46 
CN(12-15h) 0.24 -0.20 1.56 0.00 0.49 
FG(15-18h) 0.25 -0.02 1.66 0.00 0.39 
CN(15-18h) 0.22 -0.05 1.51 0.02 0.43 

 

Table 5: The quantitative validation results of the CRM 0-18 hours forecasts for three-
hour-averaged precipitation given by FG and CN using the GSMaP retrieval for 14UTC 
7 -05 UTC 8 Sept. 2015. 
 
AVE denotes the average of the experimental precipitation data in mm hr-1. BIAS and 
RMSE are the average and the root mean square error of the experimental precipitation 
data minus the GSMaP retrieval in mm hr-1. TSh and TSw denote the threat scores for 
heavy rain events (threshold: 10 mm hr-1) and whole rain events (threshold: 0.1 mm hr-1). 

 

  



(a ) 

Experiment FG CN 

Date  Lat (N) Lon (E ) CSP (hPa) Lat (N) Lon (E ) CSP (hPa) 

9/7 18UTC 26 137.7 999 25.8 137.7 998 
9/8 00UTC 26.9 137.5 994 27.2 137.7 988 
9/8 06UTC 28.1 137.5 988 28.6 137.7 984 
9/8 12UTC 29.9 137.5 988 30.2 137.7 982 
9/8 18UTC 32 136.8 986 32.2 137.2 984 

 
Experiment GD MLD 

Date  Lat (N) Lon (E ) CSP (hPa) Lat (N) Lon (E ) CSP (hPa) 

9/7 18UTC 25.8 137.6 998 26 137.8 998 
9/8 00UTC 27.2 137.7 995 27.4 137.7 990 
9/8 06UTC 28.2 137.6 990 28.8 137.5 978 
9/8 12UTC 29.9 137.5 986 30.3 137.6 980 
9/8 18UTC 32.3 137.1 982 31.9 137.2 990 

 
Experiment ND NW 

Date  Lat (N) Lon (E ) CSP (hPa) Lat (N) Lon (E ) CSP (hPa) 

9/7 18UTC 25.8 137.6 998 25.9 137.6 999 
9/8 00UTC 27.1 137.7 990 27.1 137.7 995 
9/8 06UTC 28.2 137.7 984 28.5 137.5 990 
9/8 12UTC 29.7 137.6 982 30.2 137.6 984 
9/8 18UTC 31.8 137.2 988 32.2 137.1 986 

 

Experiment SD 

Date  Lat (N) Lon (E ) CSP (hPa) 

9/7 18UTC 25.5 137.6 1000 
9/8 00UTC 26.8 137.6 996 
9/8 06UTC 28.1 137.7 991 
9/8 12UTC 29.3 137.8 989 
9/8 18UTC 31.3 137.4 990 

 
 
 



(b) 
SO 
Experiment 

Position error (km) Central surface pressure 
error (hPa) 

BIAS_N BIAS_E RMSE_POS BIAS RMSE 
FG -99.0 -50.2 119.9 2.8 3.0 
CN -74.8 -31.3 89.4 -1.0 2.0 
GD -88.0 -40.1 105.7 2.0 3.6 
MLD -66.0 -35.1 89.9 -1.0 4.5 
NW -105.6 -35.2 122.1 0.2 2.1 
ND -77.0 -40.8 95.6 2.6 3.5 
SD -140.8 -29.7 156.8 5.0 5.1 

 
 
Table 6  
(a): Typhoon position and CSP forecasts by the single-time observation experiments for 
the period from 18 UTC 7th to 18 UTC 8th Sep. 2015. 
(b): The mean forecast error of the typhoon position and CSP by the experiments for 18 
UTC 7 to 18 UTC 8 Sept. 2015, using the JMA Best Track data. 

 
BIAS_N, BIAS_E and RMSE_POS are the averages in the north and the east directions 
and the root mean square of the forecast error of the typhoon position in km. BIAS and 
RMSE denote the averages and the root mean square of the forecast error of CSP in hPa. 
 
  



(a) 
Experiment AVE 

(mm hr-1) 
BIAS 
(mm hr-1) 

RMSE  
(mm hr-1) 

TSh  TSw 

SO 0.60 -0.19 1.57 0.17 0.57 
FA 0.74 -0.05 1.51 0.24 0.55 

 
(b)  

Experiment AVE 
(mm hr-1) 

BIAS 
(mm hr-1) 

RMSE  
(mm hr-1) 

TSh  TSw 

SO 0.80 -0.05 2.92 0.05 0.48 
FA 0.82 -0.03 2.82 0.17 0.52 

 
(c )  

Experiment AVE 
(mm hr-1) 

BIAS 
(mm hr-1) 

RMSE  
(mm hr-1) 

TSh  TSw 

SO 0.29 0.01 1.64 0.00 0.31 
FA 0.34 0.06 2.31 0.00 0.31 

 
Table 7: The quantitative validation results of SO and FA using the JHP data  
(a) For precipitation analyses (17 UTC 8 Sept. 2015) 
(b) For CRM three-hour forecasts (20 UTC 8 Sept. 2015) 
(c) For CRM 21-hour forecasts (14 UTC 9 Sept. 2015) 
 
AVE denotes the average of the experimental precipitation data in mm hr-1. BIAS and 
RMSE are the average and the root mean square error of the experimental precipitation 
data minus the JHP data in mm hr-1. TSh and TSw denote the threat scores for heavy rain 
events (threshold: 10 mm hr-1) and whole rain events (threshold: 0.1 mm hr-1). 
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