
A prototype of GSMaP rainfall data from SSM/I in pre-TRMM era is 
constructed.
Horizontal distributions in rainfall amount for GSMaP is similar to that 
for GPCP, however, underestimation remains.

Sparse MWR observations in pre-TRMM era, bug, etcÉ
MVK and rain estimation using VIS/IR algorithm become more 
important for complement of MWR.

Data collection and development of geometric correction for GMS-2, 
-3, and 4.
Implementation of MVK algorithm using GMS data.

1: Severe thunderstorm
2: Afternoon shower
3: Shallow rain
4: Extratropical frontal systems
5: Organized systems
6: Highland rain
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(temperature, relative humidity, freezing level height 
(FLH), cloud liquid water content (CLWC), etc.), sur-
face variables (surface temperature, sea-surface wind 
speed), and precipitation-related variables (precipita-
tion profiles, precipitating-particle size distribution, 
refractivity of frozen and mixed-phased particles, hor-
izontal inhomogeneity of precipitation, etc.). 

This subsection will describe the above physical 
variables and the RTM calculation methods used in 
the GSMaP algorithm. (We will discuss the precipi-
tation inhomogeneity in Section 3.2 since it was esti-
mated from the observed TBs.) As described in the in-
troduction, the main improvement in the forward cal-
culation part over AL is the use of new precipitation-
related variable models, as summarized in Table 2.

a. Atmospheric and surface variables
We adopted the atmospheric temperature, FLH, 

and surface temperature over land and coast from 

the Japan Meteorological Agency (JMA) Global 
ANALysis data (GANAL), since GANAL gives a pri-
ori, global information on these variables with certain 
accuracy. Similarly, we adopted the sea-surface tem-
perature from the JMA merged satellite and in situ 
data on global daily sea-surface temperatures in the 
ocean (MGDSST). For relative humidity and CLWC, 
we assumed the same constant values, 100% and 0.5 
kg m-2, as AL.

The LUTs were calculated for every 5 x 5 degree 
point within the latitude-longitude coordinates, as we 
will describe in Section 3.1.c. Thus, we incorporated 
the above variables for the 5 x 5 degree points into the 
RTM calculation.

b. Precipitation-related variable models
We adopted the following convective and stratiform 

precipitation models for the precipitation-related vari-
ables:

(1) Precipitation profile
We constructed statistical precipitation profile 

models using TRMM observations. To this end, we 
first classified PR data into 10 types (six over land, 
four over ocean and coast) using the PR precipitation 
parameters (rain area, stratiform rain-area fraction, 
precipitation-top level, etc.) and the ratio between the 
PR precipitation rates and TRMM Lightning Imaging 
Sensor (LIS) flash rates (Takayabu 2006).

We then produced convective and stratiform pre-
cipitation profile models for these types by averaging 
the PR convective and stratiform precipitation profiles 
over prescribed precipitation ranges for each type. In 
this averaging, we used profiles relative to FLH in or-
der to exclude the influence of atmospheric tempera-
ture variations (Kubota et al. 2007).

Fig. 1.   Schematic illustration of information 
required for the RTM calculation.

Precipitation-related variables AL GSMaP

Precipitation profile Constant vertical gradients The PR profiles averaged for each 
precipitation types

Raindrop size distribution Marshall-Palmer distribution Kozu et al. (2008) model

Mixed-phase particle size distribu-
tion and refractivity Neglected Nishitsuji et al. (1983) model for 

stratiform precipitation

Table 2.   Main differences in precipitation-related variable models of the AL and GSMaP algorithms.

TRMM PR

GANAL
MGDSST
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Abstract
A long-term accumulated observation data is expected to diagnose the climate study statistically. Although rain gauge data has been mainly utilized for rainfall climatology, satellite 
rainfall products combining data obtained by microwave radiometers (MWRs) in low Earth orbit and by infrared radiometers (IRs) such as the Global Precipitation Climatology Project 
(GPCP) are available since late1970s. However, spatiotemporal resolution is rough  (2.5 ° in latitude-longitude grid and 1 monthly) and the quality is not fully enough. Owing to sparse 
satellite MWR observations, rainfall is mainly estimated from IR. The great success of the Tropical Rainfall Measuring Mission (TRMM) accelerated development of the rain retrieval 
algorithm for MWR. High spatiotemporal resolution satellite rainfall products (0.1 °-0.25 ° in latitude-longitude grid and 0.5-3 hourly) have been available after the Tropical Rainfall 
Measuring Mission (TRMM) launch since 1998. The development of the rain retrieval algorithm combined MWRs and IR is enabling us to provide rainfall climatology using satellite 
rainfall data before the TRMM launch (-1998, pre-TRMM era). In this study, a prototype of GSMaP rainfall data in pre-TRMM era is constructed. 
Surface rainfall in 1987-1999 is estimated by the latest version of GSMaP MWR algorithms using the Special Sensor Microwave Imager (SSM/I) onboard Defencse Meteorological 
Satellite Program (DMSP) satellites F8, F10, F11, F12, F13, and F15. The Japanese-55-year Reanalysis data is used for atmospheric variables instead of the Global Analysis (GANAL). 
The 27 years of  prototype GSMaP data may stand up to rainfall climate study.
 In this presentation, a time series and horizontal distributions of monthly-accumulated GSMaP rainfall will be compared with other satellite rainfall products. In pre-TRMM era, the 
geostationary meteorological satellite data is more important to estimate rainfall precisely because the MWRs observation is scarse. 

GSMaP MWR Algorithm GSMaP MVK algorithm
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is to find the optimal rain intensity that matches the 
brightness temperature calculated from the radiative 
transfer model with the observed brightness temper-
ature at several microwave frequencies on the 
platform. Since we do not deal with the algorithm 
development of the microwave radiometer data to 
retrieve the surface rain rate in this paper, we do not 
state the algorithm techniques explicitly here.

The IR data sets used in this study are supplied 
from the CPC (Climate Prediction Center) of NOAA. 
The CPC acquires the data of the infrared radiometer
from geostationary satellites (Janowiak et al. 2001) 
and supplies to the public the composite data sets
through the ManÐcomputer Interactive Data Access
System (McIDAS; Lazzari et al. 1999). The latitude 
and longitude resolution of the data are 0.03635
degree (4 km at the equator). The latitude range is 
60¡NÐ60¡S. The temporal resolution is about 30 
minutes. In this data set, three major defects are 
corrected: (1) navigation error, (2) limb darkening, 
and (3) intersatellite calibration problems. Detailed 
information on these errors and associated corrections 
is provided by Joyce et al. (2001).

3. Methodology

The combination techniques used for producing the 
0.1 degree/1 hour resolution global precipitation map
in this paper are based on the morphing technique
described by Joyce et al. (2004). A brief summary of 

the CMORPH technique is given here and then the
proposed method for extending the propagation
technique using a Kalman filter is described. In Fig.
1, the algorithm flow of this product (GSMaP_MVK) 
is shown.

3.1 Advection vector and rainfall propagation
Given two consecutive images of the IR brightness 

temperature with one-hour resolution at t = 0 and t = 
1, the two-dimensional cross correlation coefficient 
can be calculated. If the image at t = 1 is lagged with 
respect to t = 0 image spatially in the longitudinal 
and latitudinal directions, the correlation is calculated
for the given spatial offset. By repeating this
procedure for the various offsets and searching for
the horizontal offsets that yield the maximal 
correlation, the advection vector is determined. In 
this study, in order to speed up computation, the low-
resolution correlation of bin-averaged images is first 
computed and then zoomed in recursively to obtain 
the optimal offsets. This stepwise procedure is 
significantly effective for quickly computing the shift 
showing the greatest correlation. In our estimation, 
the global advection fields in every 3.25 degree can 
be calculated in 5 minutes with a 3 GHz Linux 
computer. 

Once the vector fields are obtained globally from 
the correlation-maximizing method described above, 
the rainfall area retrieved from the passive microwave 

Fig. 1. Flow chart of the algorithm developed in this study.
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measurement available to give the feedback infor-
mation is the brightness temperature at the thermal-IR 
wavelength. In Fig. 3, the relationship between the IR
brightness temperature and the precipitation rate from 
the microwave radiometer is shown. As seen in this 

figure, the brightness temperature is nonlinearly 
correlated with the surface precipitation rate with 
large variance. In Fig. 4, the histogram of the 
brightness temperature at the precipitation rate of 3 
mm hÐ1 is shown as one example. Note that it is 
normally distributed. From Figs. 3 and 4, it is shown 
that at each time step of the propagation along with 
moving vector a noisy measurement of the true 
precipitation is made from the IR observation. Let y
be the brightness temperature that is estimated from
the Geo-IR measurement. Let v be the measurement 
error as shown in Fig. 4, which is so-called 
observation noise. Then we have

yk = HXk + v, (2)

where H is a coefficient constant.
As is evident from Fig. 3, the actual relationship 

between IR brightness temperature (Tb) and surface 
precipitation rate is quite nonlinear with large 

Fig. 5. Schematic illustration combining the precipitation fields forward and backward in time. The white
belts denote the coverage of the microwave sensors.

Fig. 4. Distribution of the IR brightness 
temperature at 3 mm hÐ1.

The orographic/nonorographic rainfall classification scheme has been 
implemented since this standard version of GSMaP algorithm for passive 
microwave radiometers (Yamamoto and Shige, 2015��
• This is a revised scheme developed by Shige et al. (2013), Taniguchi et al. (2013), and 

Shige et al. (2015��
• LUT switches from the original rain type to an orographic one when 

both of the conditions (orographically forced upward motion � ���������
m s-1) and moisture flux convergence �  ( > 0.3 10-6 s-1)) are satisfied.

• Precipitation-size ice particle density for orographic rainfall is set at 
100 kg m-3 and that for non-orographic rainfall is 400 kg m ���

• The scheme is switched o  for regions where strong 
lightning activity occurs in the rainfall type database.

- Orographically forced upward motion

- Convergence of surface moisture flux

Yamamoto and Shige (2015���
http://dx.doi.org/10.1016/j.atmosres.2014.07.024
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Orographic/nonorographic rainfall classification scheme
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The GSMaP MWR algorithm consists of two parts. The former part is a forward 
calculation that calculates LUTs for the relationship between rainfall rate and Tbs using a 
RTM (Liu, 1998). The RTM inputs atmospheric field variables provided by the GANAL and 
precipitation-related variables such as vertical profile model of precipitation accumulated 
by TRMM PR data. Precipitation profiles are classified into six land-based types  called 
precipitation type database (Takayabu, 2008). The convective and stratiform precipitation 
profiles from PR data, being relative to the freezing-level height to exclude the effect of 
atmospheric temperature variations (Kubota et al. 2007), are averaged trimonthly for each 
precipitation type in 5 ° × 5 ° boxes. The latter part is the retrieval part that rain rate is 
estimated using LUTs and measured Tbs with the rain/no-rain classification method 
developed by Seto et al. (2005) over land and that of Kubota et al. (2007) over coasts. The 
LUTs are selected by the dominant precipitation types, and the convective and stratiform 
ones are mixed giving a weight from the statistical frequency distribution from PR data. 

GSMaP_MVK uses the Kalman filter to 
upda te  t he  p r ec i p i t a t i on  r a t e  a f t e r  
propagating the rain pixels along with the 
atmospheric motion vector derived from the 
successive IR images.
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