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 29 

Abstract 30 

Reliability information of satellite precipitation products is required for various 31 

applications. This study describes and evaluates a reliability flag of the Global Satellite 32 

Mapping of Precipitation Near-Real-Time precipitation product (GSMaP_NRT). This flag 33 

was developed to characterize the reliability of GSMaP_NRT data simply and 34 

qualitatively by considering its algorithm characteristics. The reliability at each pixel is 35 

represented by any one of ten levels (10 being the best and 1 the worst) by considering 36 

three major factors: 1) “surface type reliability”—which takes into account that estimation 37 

of rainfall using passive microwave sensors is better over the oceans than over land and 38 

coastal areas; 2) “low-temperature reliability”—which takes into account the lower 39 

reliability due to surface snow cover in low-temperature conditions; and 3) “Moving 40 

Vector with Kalman Filter (MVK) propagation reliability”—which means that the reliability 41 

gets worse with the increase in time since the last overpass of the passive microwave 42 

sensor. 43 

To evaluate the utility of the reliability flag, statistical indices are calculated for each 44 

reliability level using gauge-calibrated ground radar data around Japan. It is found that 45 

the reliability flag represents the differences in GSMaP accuracy: the accuracy worsens 46 

as the reliability decreases. The GSMaP errors exhibit seasonal changes that are well 47 
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represented by the ten levels of the reliability flag, indicating that the reliability flag can 48 

be used to catch seasonal variations in GSMaP accuracy due to changes in 49 

environmental factors. 50 

This study also raises the possibility of improving the reliability flag by using 51 

information related to heavy orographic rainfall. It is shown how the error features of 52 

heavy orographic rainfall differ from those of the total rainfall, and it is suggested that 53 

heavy orographic rainfall information can be utilized to further improve the reliability flag. 54 

 55 
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1. Introduction 58 

Satellite-based precipitation products are an effective tool for monitoring the global 59 

distribution of precipitation. Since precipitation needs to be monitored frequently because of 60 

its high spatiotemporal variability, multi-satellite precipitation products have been developed 61 

and are widely used. The Global Satellite Mapping of Precipitation (GSMaP) product was 62 

developed by the Japan Aerospace Exploration Agency (JAXA) as one of the Global 63 

Precipitation Measurement (GPM) products. The GSMaP provides an hourly global 64 

precipitation map with 0.1° × 0.1° latitude/longitude cells using data from passive 65 

microwave (PMW) sensors in low Earth orbit combined with infrared (IR) radiometers in 66 

geostationary orbit (Kubota et al. 2020, hereafter K2020). Since a near-real-time product 67 

with a four-hour latency—i.e., the GSMaP_NRT product—became available in November 68 

2007, this product has found wide application in agricultural monitoring, public health, and 69 

education, as well as in weather monitoring and disaster prevention.  70 

Many previous studies have validated the performance of the GSMaP in various regions 71 

and over different periods by comparing its results with ground-based precipitation data 72 

from gauges and radars (e.g., Kubota et al. 2009 (hereafter K2009), K2020; Ngo-duc et al. 73 

2013; Prakash et al. 2016; Beck et al. 2017; Nodzu et al. 2019; Trinh-Tuan et al. 2019; 74 

Palharini et al. 2020). The GSMaP algorithm mainly consists of an algorithm for retrieving 75 

precipitation from PMW sensors (the PMW algorithm) and an algorithm for estimating 76 
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precipitation from both PMW sensors and IR radiometer data (the PMW–IR combined 77 

algorithm). Previous studies suggested that the rainfall amount (Masunaga et al. 2019) and 78 

area (Hirose et al. 2016) estimated by the PMW–IR combined algorithm caused the 79 

GSMaP algorithm to produce overestimates compared with those made by the PMW 80 

algorithm. These results can be attributed to the propagation method used by the Moving 81 

Vector with Kalman Filter (MVK) part of the combined algorithm (Ushio et al. 2009). It is 82 

known that retrieving rainfall data from PMW sensors works better over the oceans than 83 

over the land due to differences in the estimation techniques (Ebert et al. 2007; Aonashi et 84 

al. 2009; K2009). Some papers have focused on orographic rainfall in mountainous areas, 85 

where PMW estimates tend to be underestimates, and algorithms tailored specifically for 86 

orographic rainfall were developed in these studies (Shige et al. 2013, 2015; Taniguchi et al. 87 

2013; Yamamoto and Shige 2015; Yamamoto et al. 2017, hereafter S2013, S2015, T2013, 88 

Y2015, and Y2017). In K2020, the algorithm used by the GSMaP to estimate snowfall was 89 

described. This snowfall algorithm was first implemented in GSMaP version 7, but there is 90 

room for further improvement during the cold season or in cold areas because surface 91 

snow causes false signals and lowers the accuracy of GSMaP estimates (K2009; K2020) 92 

as well as increasing the difficulty of estimating snowfall.  93 

Recently, users have increasingly asked for information concerning the reliability of the 94 

GSMaP as the product has been used more and more in precipitation monitoring, 95 

hydrological applications, etc. To characterize the reliability of GSMaP data qualitatively 96 
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and simply, JAXA began to provide a reliability flag for GSMaP_NRT in May 2017. This flag 97 

is calculated for each pixel and is represented as any one of ten levels (10 being the best 98 

and 1 the worst). The flag takes into account the characteristics of the GSMaP precipitation 99 

estimation algorithm. A similar product, the quality index for Integrated Multi-satellitE 100 

Retrievals for the GPM Mission (IMERG; Huffman et al. 2020), is also available (Huffman 101 

2017). The IMERG quality index is basically determined by the presence or absence of 102 

microwave satellite overpasses and the correlation between precipitation estimated from 103 

PMW sensors and IR data, whereas the GSMaP reliability flag takes into account the 104 

sensor's observational characteristics and the time correlation between the PMW and IR 105 

observations. Thus, as well as GSMaP users, the global user community—including 106 

IMERG users—has expressed a strong desire for some measure of the reliability of 107 

GSMaP rainfall estimates. 108 

This paper aims to describe the development of the algorithm used to produce the 109 

GSMaP_NRT reliability flag and evaluate the flag information by examining the consistency 110 

between the actual accuracy and the estimated reliability levels. The possibility of 111 

improving the reliability flag by including a flag for orographic rainfall is also considered. 112 

Section 2 explains the algorithm that produces the GSMaP_NRT reliability flag. Section 3 113 

describes the datasets and evaluation methodology used in this study. The results are 114 

summarized in Section 4, and Section 5 discusses how the reliability flag could be further 115 

improved by including a flag for orographic rainfall conditions. Section 6 provides the 116 
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conclusions to the study and some issues to be addressed in the future. 117 

2. Algorithm for the GSMaP_NRT reliability flag 118 

In this study, hourly rainfall data from the GSMaP_NRT version 6 product (K2020) for 119 

2006–2019 were used. This section provides a detailed description of the algorithm that is 120 

used to produce the GSMaP_NRT reliability flag. 121 

The reliability flag for each pixel can take any one of ten levels, 10 being the best and 1 122 

the worst. Figure 1 is a flowchart showing how the reliability flag for a particular pixel is 123 

determined. Three main factors are considered in classifying the overall reliability: the 124 

surface type reliability, low-temperature reliability, and MVK propagation reliability.  125 

The first factor that is taken into account is that PMW sensors for estimating rainfall 126 

perform better over the oceans than over the land or coastal areas, noted using the surface 127 

type flag: this is shown as “surface type reliability” in Fig. 1. The surface type flag 128 

(land/ocean/coast) is derived from the land–sea database of the Tropical Rainfall 129 

Measuring Mission (TRMM) Science Data and Information System (TSDIS) toolkit, which 130 

has an original spatial resolution of 0.25° × 0.25°. Figure 2 shows a surface type 131 

classification for Japan derived from the TSDIS. The relatively large area classified as 132 

“coast” by the TSDIS is due to the maximum size of the PMW sensor footprints. Because of 133 

this, the GSMaP algorithm adopts the dynamic surface type classification of Mega and 134 

Shige (2016) to reduce the coastal area from that given in the TSDIS database. However, 135 
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the dynamic classification method depends on the location of the footprint, so this dynamic 136 

classification is not used in the calculation of the reliability flag. 137 

Secondly, cold regions are classified as providing less reliable information, which is 138 

represented as “low-temperature reliability” in Fig. 1. The version 6 algorithm does not have 139 

a method for estimating snowfall; however, surface snow often triggers a false detection by 140 

PMW sensors (K2009; K2020). In the algorithm, missing pixels due to sea ice and a low 141 

temperature are also handled as part of the low-temperature reliability and assigned a low 142 

reliability. The threshold for judging whether a temperature is low is decided by missing 143 

flags, and freezing-level information is taken from the look-up-table used by the GSMaP 144 

algorithm for the oceans based upon Kubota et al. (2007), Aonashi et al. (2009), and Shige 145 

et al. (2009). This table has a spatial resolution of 5° × 5°. If a pixel is missing due to sea ice 146 

or a low temperature, or if a pixel corresponds to a region where the freezing level is below 147 

500 m over the ocean, the pixel is considered to represent a low-temperature area. Cold 148 

land areas are determined in the same way except that the threshold is a surface 149 

temperature of 2°C and a spatial resolution of 0.5° × 0.5° is used. These conditions for the 150 

determining the threshold are based upon results found by Liu (2008). 151 

Finally, whether PMW sensor data exist for the area in question and how long it has been 152 

since the last overpass of a PMW sensor determine the “MVK propagation reliability.” 153 

Reliability is better where PMW observations are available and where the rainfall is 154 

estimated by the PMW algorithm. For a PMW sensor passing over the ocean, imagers are 155 
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considered as having a slightly higher reliability than sounders—this is based on the results 156 

in K2009. Table S1 summarizes the sensors used to produce the GSMaP_NRT. In cases 157 

where there is no PMW observation and the rainfall is estimated by the PMW–IR combined 158 

algorithm, estimates of the reliability worsen with the amount of time elapsed since the last 159 

PMW sensor overpass. The observation time flag gives the observation time relative to the 160 

most recent PMW observations. Ushio et al. (2009) found that the correlation coefficient 161 

between the precipitation estimates by the PMW–IR combined algorithm and those by the 162 

PMW-only algorithm decreased to 0.3–0.4 once four or five hours had elapsed since the 163 

last PMW overpass. The reliability flag algorithm reduces the reliability flag by two when 164 

one hour has passed; subsequently, the reliability flag is reduced continuously until it 165 

reaches its lowest value when the time since the last overpass exceeds four hours.  166 

The reliability flag is calculated by merging these three main factors—surface type 167 

reliability, low-temperature reliability, and MVK propagation reliability—as shown in the 168 

flowchart in Fig. 1. The maximum value of 10 occurs only for imager observations made 169 

over the oceans, except for low-temperature conditions. A flag value of 9 can be given for 170 

either a sounder observation over the ocean or a PMW sensor observation over land. If the 171 

low-temperature condition is met, the flag value becomes 1 over the ocean or 4 over land, 172 

based on empirical rules. If there are no PMW sensor observations available, the flag value 173 

is decremented by two for every hour that passes since the last PMW overpass: 8, 6, 4, 2 174 

then 1 for ocean pixels; 7, 5, 3 then 1 for land pixels; 2 then 1 assigned for cold areas. 175 
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Figure 3 shows an example of the spatial distribution of the reliability flag. The values are 176 

generally lower at high latitudes, and the same values occur along the observation swath of 177 

the sensor. When imager and sounder observations overlap, the pixel is treated as for an 178 

imager. Note that differences in the definition of low-temperature reliability for the ocean 179 

compared to the land/coast sometimes cause inconsistency in the reliability (e.g., around 180 

the Aleutian Islands in Fig. 3). 181 

3. Evaluation Methodology 182 

The Japan Meteorological Agency makes gauge-calibrated ground radar data available 183 

through its Radar/rain gauge-Analyzed product (RA) (Makihara et al. 1996; Makihara 2000, 184 

2007). The ground-truth data used in the evaluation of the reliability flag in this study were 185 

obtained from this product. Figure 2 shows the area of Japan that was analyzed along with 186 

a surface type classification. The domain was limited to within 150 km of radar observation 187 

sites. Note that RA data obtained over the ocean far from radar sites can include errors. 188 

The target period was set as 2006 to 2019 because the spatial resolution of RA data was 189 

upgraded from 2.5 km to 1 km in 2006 (Makihara 2007). 190 

To verify the effectiveness of the reliability flag, statistical indices were calculated for each 191 

level of the flag (see below). Values of these indices were determined for each level of 192 

reliability during the target period, and the effectiveness of the reliability flag was then 193 

considered. In addition, the seasonal variations in the accuracy of the GSMaP were 194 
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examined in relation to each reliability flag level to assess whether the flag is effective in 195 

capturing these seasonal differences. 196 

Common statistical indices were used for evaluating both the rain/no-rain classification 197 

and the estimates of rainfall amounts. In this study, the possibility of detection [POD; Eq. 1], 198 

threat score [TS; Eq. 2], false alarm ratio [FAR; Eq. 3], and missing ratio [MR; Eq. 4] were 199 

used for evaluating rain/no-rain classifications:  200 

𝑃𝑂𝐷 =
𝑎

𝑎+𝑐
,   (1) 201 

𝑇𝑆 =
𝑎

𝑎+𝑏+𝑐
,   (2) 202 

𝐹𝐴𝑅 =
𝑏

𝑎+𝑏
,   (3) 203 

𝑀𝑅 =
𝑐

𝑎+𝑐
,   (4) 204 

Here, a represents the number of pixels where the GSMaP correctly estimated the rainfall; 205 

b represents the number of pixels where rainfall did not occur but the GSMaP estimated 206 

that there was some rainfall; and c represents the number of pixels where rainfall did occur 207 

but the GSMaP did not detect it. The threshold for a rain/no-rain classification is 0.1 mm h–1. 208 

Note that cases where rainfall did not occur and the GSMaP also determined that no rainfall 209 

occurred were not considered. All of these indices take values from 0 to 1. For POD and TS, 210 

the larger the value, the better the result; for FAR and MS, the opposite is true. 211 

The spatial correlation coefficient [CC; Eq. 5], root mean square error [RMSE; Eq. 6], and 212 

normalized RMSE [NRMSE; Eq. 7] were also used to evaluate estimates: 213 
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𝐶𝐶 =
1

𝑁
∑ (𝑅𝐺𝑆𝑀𝑎𝑃𝑖

−𝑅𝐺𝑆𝑀𝑎𝑃̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )(𝑅𝑅𝐴𝑖
−𝑅𝑅𝐴̅̅ ̅̅ ̅̅ )𝑁

𝑖=1

√1

𝑁
∑ (𝑅𝐺𝑆𝑀𝑎𝑃𝑖

−𝑅𝐺𝑆𝑀𝑎𝑃̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )
2

𝑁
𝑖=1

√1

𝑁
∑ (𝑅𝑅𝐴𝑖

−𝑅𝑅𝐴̅̅ ̅̅ ̅̅ )
2

𝑁
𝑖=1

,   (5) 214 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑅𝐺𝑆𝑀𝑎𝑃𝑖

− 𝑅𝑅𝐴𝑖
)

2𝑁
𝑖=1 ,    (6) 215 

𝑁𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸

𝑅𝑅𝐴̅̅ ̅̅ ̅̅
,      (7) 216 
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Here, 𝑅𝐺𝑆𝑀𝑎𝑃𝑖
 and 𝑅𝑅𝐴𝑖

 are the hourly rainfall rates, and 𝑅𝐺𝑆𝑀𝑎𝑃
̅̅ ̅̅ ̅̅ ̅̅ ̅ and 𝑅𝑅𝐴

̅̅ ̅̅ ̅ are the mean 218 

rainfall rates (in mm h–1) obtained from the GSMaP and RA, respectively. 𝑁 is the total 219 

number of samples, and the RMSE is given in units of mm h–1. Pixels where no rain 220 

occurred were used in the calculation of these indices. 221 

4. Results of evaluations 222 

4.1. Sampling number of the reliability flag 223 

Before any evaluations were made, the number of samples used for each reliability flag 224 

level within the region used for the analysis shown in Fig. 2 were first checked to review the 225 

algorithm development of the reliability flag described in Section 2. The total number of 226 

samples used for each pixel was determined, and the numbers of samples corresponding 227 

to the different levels of the reliability flag were compared with each other; the results were 228 

then used to determine which level of the reliability flag was based on the largest number of 229 

samples for Japan. The results of this are shown in Table 1. Over the land and in coastal 230 

areas, a flag value of 9—which corresponds to the there being PMW sensor 231 

observations—was found to be the largest number of samples. In particular, many flag 232 
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values of 9 were found in the southern part of Japan due to the frequent observations made 233 

by the TRMM Microwave Imager (TMI); values of 9 were less frequent in the northern part 234 

of Japan due to the low-temperature reliability (not shown). The number of samples 235 

decreases as the reliability flag values decrease to 7, 5, and then 3. Over land, flag values 236 

of 4 are based on a relatively large number of samples: this value corresponds to the 237 

low-temperature criteria being met. A relatively large number of samples corresponding to 238 

this level were acquired in northern and highland parts of Japan in winter (not shown). The 239 

minimum reliability flag value of 1 is based on the third highest number of samples over 240 

land. This is a result of this being the sum of the number of cases where more than four 241 

hours elapsed since the previous PMW sensor overpass and those where more than two 242 

hours passed since the previous PMW observation when the low-temperature reliability 243 

condition was met. 244 

Over the oceans, a reliability flag value of 8 has the largest number of samples; this 245 

corresponds to cases where no more than one hour passed since the last PMW 246 

observation. Note that a flag value of 9 based on sounder observations and a value of 10 247 

based on imager observations are treated differently, so that the number of samples is 248 

largest if the numbers corresponding to flag values of 9 and 10 are added together. The 249 

number of samples decreases as the reliability flag values decrease from 6 to 4 to 2. A 250 

relatively large number of flags with values of 1 results when the conditions for the 251 

low-temperature reliability are met; this occurs especially over the oceans around Hokkaido 252 
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and in the Tohoku region (not shown). 253 

Hence, the number of samples is generally larger for higher values of the reliability flag, 254 

and the number of samples decreases as the length of time since the last PMW sensor 255 

overpass increases. In addition to this effect due to the MVK propagation reliability, a 256 

relatively large number of flags with values of 1 to 4 occurs when the conditions for the low- 257 

temperature reliability are met. 258 

 259 

4.2. Statistical evaluation indices for each reliability flag 260 

This subsection describes the statistical evaluation indices that were calculated for each 261 

reliability flag value in order to investigate the effectiveness of the reliability flag. Table 2 262 

shows the values of all the indices (POD, TS, FAR, and MR) that were calculated to 263 

evaluate rain/no-rain classifications and those that were calculated for estimated rainfall 264 

amounts (CC, RMSE, and NRMSE). It can be seen that, overall, the reliability flag 265 

represents the differences in the accuracy of the GSMaP well. 266 

The POD and TS values generally decrease as the reliability decreases, which means 267 

that the accuracy gets worse as the reliability becomes lower. The best values of POD and 268 

TS are 38.4 and 31.6, respectively, which occur when the reliability flag is 10; the worst 269 

values are 11.9 and 9.6, respectively, when the flag is 1. However, the POD and TS values 270 

do not decrease monotonically: both POD and TS have a higher (better) value for a 271 

reliability flag value of 8 than for a value of 9, for example. This means that the flag values 272 
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can reflect the variation in the accuracy of the GSMaP for the same surface conditions but 273 

not the difference in accuracy that results from differences in the surface conditions. The 274 

differences in the number of samples that were shown in Table 1 can also cause 275 

differences in the results. 276 

The trends in the values of FAR and MR are the same as for POD and TS: the accuracy 277 

gets worse (FAR and MR increase) as the reliability becomes lower. The best values of 278 

FAR and MR are 29.2 and 61.6, respectively, and correspond to the maximum value of the 279 

reliability; their worst values are 52.9 and 88.1, respectively, and correspond to the 280 

minimum value of the reliability. As with POD and TS, there is room for further improvement 281 

in the reliability flag in terms of its ability to take into account the differences between 282 

surface types.  283 

CC decreases (the accuracy gets worse) as the reliability becomes lower. The best value 284 

of CC (0.493) occurs when the reliability flag is 10, and its worst value (0.134) occurs when 285 

the flag is 1. Although the reliability flag, thus, reflects the overall pattern in CC, again, these 286 

results show that the differences between surface types need to be considered in greater 287 

detail. 288 

The results for the RMSE are notably different to those for the other indices and show 289 

that the values of the reliability flag do not reflect the variation in the RMSE values. The best 290 

RMSE value of 0.511 mm h–1 occurs when the reliability flag is 2, and the worst value of 291 

0.732 mm h–1 occurs when the flag is 9. This could be because the RMSE values depend 292 
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on the mean absolute precipitation amount. In Japan, the amount of precipitation tends to 293 

be high in summer and low in winter. As a result, the number of samples with lower 294 

reliability flags is larger in winter when the mean precipitation is small; conversely, the 295 

number of samples with higher reliability flags is larger in summer when there is 296 

considerable rainfall within the target domain (not shown). This may be the cause of the 297 

inconsistency between the values of the reliability flag and the RMSE values. 298 

The NRMSE has a better correspondence with the reliability over the ocean. The 299 

NRMSE has a value of 2.54 for a reliability flag of 10, and the NRMSE value increases as 300 

the reliability flags decrease from 8 to 6 and then 4 over the ocean. However, in contrast, 301 

the NRMSE value decreases as the reliability flags decrease from 9 to 7 to 5 and then 3 302 

over the land. The 𝑅𝑅𝐴
̅̅ ̅̅ ̅ values are almost the same for reliability flags of 9, 7, 5, and 3, and 303 

the variations in the NRMSE are consistent with those in the RMSE. As mentioned in the 304 

results for the RMSE, there are some factors that can cause inconsistency in the results, 305 

such as differences in the number of samples for example. 306 

In relation to the low-temperature reliability, apart from the RMSE, all of the statistical 307 

measures are clearly poorer for reliability flag values below 4 (except for 3 being sure that 308 

the low-temperature condition is not met) than for flag values above 5. These results 309 

indicate that the inclusion of the low-temperature reliability produces good results. Further 310 

improvements to the GSMaP algorithm for making precipitation estimates under 311 

low-temperature conditions are required. 312 
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Hence, the results indicate that the MVK propagation reliability and low-temperature 313 

reliability are consistently reliable, whereas the surface type reliability needs to be improved. 314 

For example, the results for a flag value of 6 (corresponding to ocean pixels where one to 315 

two hours have elapsed since the last PMW observation) are better than those for a flag 316 

value of 7 (corresponding to land pixels where less than one hour has passed since the last 317 

PMW observation). 318 

 319 

4.3. Seasonal changes in evaluation indices for each reliability flag value 320 

As investigated in previous studies (K2009; K2020), it is known that the GSMaP accuracy 321 

for Japan varies seasonally. In this subsection, the results of an examination of the 322 

seasonal variations in the evaluation indices for each reliability flag value are discussed 323 

with the aim of confirming that the reliability flag can reflect the seasonal changes in 324 

GSMaP accuracy throughout the year.  325 

Figure 4 shows the monthly mean values of TS, FAR, and CC, which were used as 326 

representative indices for each reliability flag value. Seasonal changes in the GSMaP are 327 

clearly seen in all indices in Fig. 4; accuracy gets better in the summer and worse in the 328 

winter, which is consistent with K2009 and K2020. The results that were obtained for other 329 

indices (not shown) indicated very similar seasonal changes to those shown in Fig. 4. Note 330 

that all levels of the reliability flag reflect the seasonal changes in the GSMaP accuracy. 331 

Moreover, the evaluation indices for a higher reliability maintain these better scores 332 
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throughout the year; the same is also true for those with poorer scores. It is, therefore, clear 333 

that the reliability flag reflects changes in the GSMaP accuracy even under varying 334 

environmental conditions. 335 

5. Improving the reliability flag using orographic rainfall information 336 

As mentioned in the previous section, the results indicated that the surface type reliability 337 

should be improved further. This section discusses the possibility of improving the current 338 

reliability flag by taken into account orographic rainfall over land. 339 

5.1. Orographic rainfall flag 340 

The GSMaP algorithm was developed specifically for making separate estimates of 341 

orographic and non-orographic rainfall (S2013, S2015, T2013, Y2015, and Y2017). The 342 

orographic rainfall flag was developed to indicate where and when the orographic rainfall 343 

algorithm should be applied. In this study, the orographic rain condition was identified as 344 

follows (referring to Y2017). The scheme used to detect whether orographic rainfall is 345 

occurring in a particular area considers the orographically forced upward motion [𝑤; Eq. 8] 346 

and the moisture flux convergence [ 𝑄 ; Eq. 9] using Japanese 55-year reanalysis 347 

(Kobayashi et al. 2015). The relevant equations are  348 

𝑤 =
𝐷ℎ

𝐷𝑡
= 𝕍𝐻 ∙ ∇ℎ,     (8) 349 

and 350 

𝑄 = −∇ ∙ 𝕍𝐻𝑞,      (9) 351 
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where 𝕍𝐻 is the average horizontal wind vector (units: m s–1) at a height < 1.5 km above 352 

the upstream region, 𝑞 is the average water vapor mixing ratio (units: kg kg–1) at a height 353 

of less than 1.5 km, and ℎ(x, y) is the elevation (units: m) derived from digital elevation map 354 

averaged over a distance of 50 km. The thresholds for 𝑤  and 𝑄  that are used to 355 

determine whether the orographic rainfall condition applies consider the area of orographic 356 

enhancement as a function of the upstream wind speed as follows [Eqs. 10 and 11]. 357 

𝑤 = 0.01 + 𝑤𝑒𝑖𝑔ℎ𝑡 × 0.19,  358 

𝑤𝑒𝑖𝑔ℎ𝑡 = {
0                   for 𝑈 < 10 𝑚 𝑠−1          

(𝑈 − 10)/10, for 10 ≤ 𝑈 ≤ 20 𝑚 𝑠−1

1                   for 𝑈 > 20 𝑚 𝑠−1           

,    (10) 359 

and 360 

𝑄 > 0.3 × 10−6 𝑠−1,    (11) 361 

It should be noted that the orographic rainfall flag used in this study has been applied to 362 

TMI data since GSMaP_NRT version 6, whereas it has been applied to all PMW sensor 363 

data only since GSMaP_NRT version 7 (K2020). 364 

5.2. Evaluations of orographic rainfall estimations with the reliability flag 365 

To evaluate the estimates of orographic rainfall in relation to the reliability flag, evaluation 366 

indices were calculated using samples taken from locations where orographic rainfall was 367 

considered to have been occurring. The results are shown in Table 3, and it can be seen 368 

that there are some differences from those shown in Table 2. The results for most indices in 369 

Table 3 are an improvement (shown in red) compared to Table 2; however, for the RMSE 370 
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the results are worse (shown in blue) compared with the results obtained using the 371 

complete sample set that were shown in Table 2. Previous studies have suggested that 372 

orographic rainfall tends to be heavy (S2013, S2015, T2013, Y2015, and Y2017). Because 373 

the orographic rainfall samples may have been limited to heavy rainfall, this will have 374 

produced values of the indices that are significantly different from those in Table 2. The 375 

improvement in the results (except for the RMSE) is possibly because heavy rainfall is 376 

more detectable than light rainfall, which leads to increases in POD, TS and CC, and 377 

decreases in FAR and MR. In other words, GSMaP can often miss light or moderate rainfall, 378 

causing errors in evaluation scores. 379 

In terms of the RMSE, the value has increased considerably from 0.593 mm h–1 for the 380 

total sample set to an average of 2.57 mm h–1 for the orographic samples only. It should be 381 

noted that there is also a difference between the mean absolute rainfall rates, 𝑅𝑅𝐴
̅̅ ̅̅ ̅, for the 382 

total sample set and the orographic samples: the latter value is 1.900 mm h–1, which is 383 

approximately ten times higher than the former value of 0.200 mm h–1. All of the NRMSE 384 

values in Table 3 are lower than those in Table 2. Moreover, the NRMSE values in Table 3 385 

increase slightly as the reliability flag level decreases; in contrast, as pointed out earlier, in 386 

Table 2, the same values decreased as the reliability flag level decreased. Thus, the pattern 387 

of errors in orographic rainfall estimates is different from that in average rainfall estimates 388 

over land. Information about orographic rainfall would, thus, be useful in improving the 389 

reliability flag. (For example, orographic rainfall could be considered separately from 390 
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non-orographic rainfall when calculating the reliability flag.) 391 

 392 

6. Summary and issues to be addressed 393 

In this study, the flag used to characterize the reliability of the GSMaP_NRT precipitation 394 

product was described, and this flag was evaluated using gauge-calibrated ground radar 395 

data obtained across Japan. This reliability flag was developed to provide a simple, 396 

qualitative measure of the reliability of GSMaP precipitation data by taking into account the 397 

characteristics of the GSMaP precipitation estimation algorithm. The reliability at a given 398 

pixel can take any one of ten values (10 being the best and 1 the worst), based on a 399 

consideration of the following three main factors. The “surface type reliability” accounts for 400 

the effect that estimates of rainfall using PMW sensors made over the oceans are better 401 

than those made over land and coastal areas. The problem of low temperatures causing 402 

false detection of surface snow by PMW sensors is accounted for by the “low-temperature 403 

reliability.” Finally, the elapsed time since the last overpass of a PMW sensor is included in 404 

the “MVK propagation reliability.”  405 

To evaluate the performance of the reliability flag, statistical indices were calculated for 406 

each reliability level. Overall, it was found that the reliability flag is able to reflect the 407 

differences in the GSMaP accuracy. In terms of the three factors that affect the reliability, 408 

the algorithm for the reliability flag handles MVK propagation reliability and low-temperature 409 
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reliability well; however, the way in which the surface type reliability is handled needs to be 410 

improved further. To improve the surface type reliability, the differences in reliability for 411 

different surface types should be considered. Differences in the number of samples used 412 

can also produce unsatisfactory results related to the surface type reliability, which means 413 

that an approach to normalize the number of samples could be one way of improving the 414 

algorithm. In terms of seasonal changes in GSMaP errors, all ten levels of the reliability flag 415 

were found to reflect the seasonal characteristics in the GSMaP accuracy. Indices with a 416 

higher reliability had better scores throughout all seasons, and those with a poorer reliability 417 

had consistently poorer scores. Thus, the reliability flag is able to reflect differences in the 418 

accuracy of the GSMaP even under changing environmental conditions.  419 

This study also aimed to find how the reliability flag could be improved by using a flag 420 

indicating the occurrence of orographic rainfall. It was found that the characteristics of the 421 

errors in orographic rainfall estimates are quite different from those of total rainfall 422 

estimates. Except for the RMSE, the statistical indices were better for the case of 423 

orographic rainfall, which was possibly because the orographic rainfall samples were 424 

limited to heavy rainfall and this is generally easier to detect than light rainfall. In other 425 

words, GSMaP can often miss light or moderate rainfall, causing errors in the evaluation 426 

scores for total rainfall. Hence, information about orographic rainfall could be used to 427 

improve the reliability flag by treating orographic rainfall separately from non-orographic 428 

rainfall. 429 
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One further way in which the reliability flag could be improved—as suggested in previous 430 

studies—is to include additional parameters. Shige and Kummerow (2016) demonstrated 431 

that there is a relationship between thermodynamic parameters and the precipitation-top 432 

heights frequently associated with heavy orographic rainfall. The dependence of 433 

environmental parameters on GSMaP errors remains an issue to be addressed. 434 

The IMERG and the National Oceanic and Atmospheric Administration Climate 435 

Prediction Center MORPHing Technique (CMORPH; Joyce et al. 2004) use a technique 436 

similar to that employed in the GSMaP algorithm. Therefore, the current approach to 437 

characterizing reliability could also be applied to the IMERG and CMORPH as well. As 438 

mentioned in Section 1, the IMERG quality index uses a different approach to 439 

characterizing reliability compared to the GSMaP reliability flag. Evaluations using other 440 

satellite precipitation products and comparisons of the methodology used to produce the 441 

reliability flag and the quality index are also tasks for future work. 442 

 443 

Supplement 444 

Table S1 summarizes the sensors used to produce the GSMaP_NRT. In this study, the 445 

sensors were divided into three categories: imager, imager/sounder, and sounder. Sensors 446 

described as “imagers” in the main text are denoted by “A” in Table S1—this classification 447 

includes both imagers and imagers/sounders. Sensors described as “sounders” in the main 448 
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text are denoted by “B” in the Table S1. 449 
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