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Abstract 24 

 25 

This study proposes a method of detecting three-dimensional hail distribution by using 26 

the Global Precipitation Measurement (GPM) Dual-frequency Precipitation Radar (DPR) 27 

products in combination with the atmospheric temperature from a reanalysis product. In this 28 

study, the hail class contains hailstones, high-density graupel, and small frozen droplets. 29 

The radar reflectivity at the Ku-band (ZKu) and dual-frequency ratio (DFR) values are 30 

examined for hydrometeor classification at the five atmospheric temperature ranges in 31 

comparison to the ground radar product in a test hail-storm case. A simple model assuming 32 

binary collision for the riming process, which represents a significant reduction in the number 33 

concentration with the conservation of the mass concentration, explains well the hail signals 34 

on the scatter plot of ZKu and the DFR. This study determines the thresholds of the ZKu and 35 

DFR values at each temperature range based on the simple model. Furthermore, this study 36 

evaluates the thresholds in 74 hail-storm cases and proposes two filters to remove melting 37 

snow and rain contamination below the freezing level. The five-year dataset of the GPM-38 

DPR observations shows that hail is widely distributed over oceanic convergence zones as 39 

well as continental convective regions. Most oceanic hail layers are found to be thin (i.e., 40 

less than 1500 m) and confined near the freezing level. Therefore, such hail signals have 41 

been potentially missed by ground observations. An additional filter removes such thin hail 42 
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layers and effectively works to detect only deep hail storms, specifically, over continental 43 

regions. 44 

Keywords GPM; satellite observation; hail; ice cloud microphysics; severe storm 45 

46 
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1. Introduction 47 

The ice cloud microphysical characteristics of hail, high density, large size, and fast 48 

terminal velocity, are unique compared to those of other ice hydrometeors, such as snow 49 

and light graupel. Ice embryos are produced by the glaciation of rain droplets over the 50 

freezing level and then develop by accretion with supercooled rain droplets (e.g., Browning, 51 

1963; Wisner et al., 1972; Rasmussen and Heymsfield, 1987). Early hail particles are 52 

sustained around the freezing level by strong updrafts and continue growing to reach up to 53 

a few centimeters in diameter. Large hail particles finally fall to the ground with very fast 54 

terminal velocities and are often reported as a disaster event (e.g., Allen et al., 2017; 55 

Groenemeijer et al., 2017). 56 

The roles of hail in severe storms have been missed in conventional weather 57 

forecasting simulations. Recently, numerical studies reported that storm simulations with hail 58 

modeling represent stronger radar echoes than those without hail modeling (e.g., Milbrandt 59 

and Morrison, 2013; Lang et al., 2014). Nevertheless, most cloud microphysical models 60 

used for numerical weather prediction do not yet predict hail (e.g., Wilson and Ballard, 1999; 61 

Saito et al., 2006; Seifert and Beheng, 2006; Thompson et al., 2008; Morrison et al., 2009). 62 

Thus, the investigation of hail has been under-developed. 63 

One of the reasons for such microphysical settings without hail is the infrequent 64 

occurrence and local nature of hailstorms. Complicated cloud microphysics for hail 65 
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assuming three-phase equilibrium within the melting layer was just loaded for most 66 

simulation cases. Now, the World Climate Research Programme (WCRP) states that 67 

weather and climate extremes are one of the grand challenges to be assessed 68 

(https://www.wcrp-climate.org/grand-challenges/grand-challenges-overview). With the 69 

advancement of computers, extreme events under climate change can be assessed using 70 

regional climate models across regions (Giorgi et al., 2019). At the same time, the horizontal 71 

resolution of the global climate model has become finer than 10 km to capture local 72 

convective cloud systems (Satoh et al., 2019; Stevens et al., 2019; Stevens et al., 2020). 73 

Hail modeling is to be standardized for simulating severe storms in both regional and global 74 

climate models. Accordingly, the modeling community needs hail observations to evaluate 75 

hail modeling on a global scale. 76 

Hail information has been historically collected by ground observatories. The 77 

microphysical characteristics of hail have been directly sampled with, e.g., hail pads; the 78 

occurrence and geographical distribution of hail are reported from local weather forecast 79 

offices (e.g., Storm Data). Such hail reports have been utilized for developing empirical hail 80 

maps by region to estimate the potential risk due to hail hazards (e.g., Allen et al., 2015). At 81 

the same time, ground remote sensing techniques using ground radar networks have been 82 

established for detecting hail signals in severe storms (e.g., Lenning, 1998; Heinselman and 83 

Ryzhkov, 2006; Park et al., 2009; Dolan et al., 2013). On the other hand, such observations 84 
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are concentrated in populated areas in a few developed countries, and hence, the 85 

occurrence frequency and climatological distribution of hail has not been examined in most 86 

regions. 87 

Satellite remote sensing has recently been used for hail detection assuming severe 88 

storm signals as proxies of hail. Cecil (2009) developed a hail-detection method for space-89 

borne passive microwave imager observations for the first time. The method was applied to 90 

12-year products of the Tropical Rainfall Measurement Mission (TRMM) to determine the 91 

climatological distribution of hail-storms (Cecil and Blankenship, 2012). After the launch of 92 

the Global Precipitation Measurement (GPM) core satellite, the hail-detection method was 93 

improved by using the GPM Microwave Imager (GMI) and Dual-frequency Precipitation 94 

Radar (DPR) sensors (Mroz et al., 2017). Le and Chandrasekar (2021) found that the vertical 95 

structure of the dual-frequency ratio near the freezing level had information to separate 96 

graupel and hail from snow. Their approaches were designed to estimate hail probabilities 97 

in atmospheric columns, and hence, the three-dimensional hail distribution has not yet been 98 

demonstrated in most regions. 99 

This study aims to detect near-global three-dimensional hail signals by using DPR. The 100 

vertical structure of hail is evidently informative for weather forecasting (e.g., the utility of the 101 

the Next Generation Weather Radar (NEXRAD) system by National Oceanic and 102 

Atmospheric Administration (NOAA)) and is crucially needed for model evaluation. 103 
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Hydrometeor classification in global-scale modeling has a short history. For example, 104 

liquid/solid phase discrimination has been evaluated after the launch of the Cloud-Aerosol 105 

Lidar and Infrared Pathfinder Satellite Observations (CALIPSO) (e.g., Hu et al., 2010; 106 

Cesana et al., 2015). Evaluation methods for snow, graupel, and hail classes have not yet 107 

been established, and hence, satellite hydrometeor classification products for such classes 108 

meet the demand from the climate modeling community. This study separates dense ice 109 

particles and snow categories based on the optical properties and defines the former as hail. 110 

Thus, in this study, hail potentially contains high-density graupel and small frozen droplets, 111 

but light-density graupel and aggregates will be excluded. 112 

In Section 2, the theoretical basis of DPR analysis is introduced, and the cloud 113 

microphysical characteristics of hail on DPR signals are examined. In Section 3, the dataset 114 

for the near-global analyses is described. In Section 4, the near-global three-dimensional 115 

distribution of hail signals is presented. A summary is given in Section 5. 116 

 117 

2. Theoretical basis for hail detection 118 

2.1 The radar reflectivity factor at Ku and Ka bands 119 

The radar reflectivity factor ze represents the strength of radar backscatter from 120 

hydrometeors and is calculated as follows: 121 
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𝑧𝑒,𝑗 =
𝜆4

𝜋5|𝐾𝑗|
2 ∫ 𝑛𝑗(𝐷)𝜎𝑏(𝐷, 𝜆)𝑑𝐷
∞

0
, 

𝐾𝑗 = (𝑚𝑗
2 − 1)/(𝑚𝑗

2 + 2), 

(1) 

where m is the complex refractive index of a medium j (here, liquid water, ice, or a 122 

mixture of them are assumed), n(D) is the particle size distribution (PSD), and σb is the 123 

backscattering cross section at wavelength λ [mm]. Here, σb is calculated according to Mie-124 

theory, and |K|2 = 0.93 was conventionally used for precipitation radar (e.g., Atlas and 125 

Ludlam, 1961). The Marshall-Palmer (MP) (Marshall and Palmer, 1948) distribution and 126 

Gunn-Marshall (GM) (Gunn and Marshall, 1958) distributions are assumed for rain and snow 127 

PSDs, respectively: 128 

𝑛𝑗(𝐷) = 𝑁0,jexp(−𝛬𝑗𝐷), (j = r,s) (2) 

𝑁0,𝑟 = 8000 [𝑚−3𝑚𝑚−1] and 𝛬𝑟 = 4.1𝑃−0.21[mm-1]. 

𝑁0,𝑠 = 3800 𝑃−0.87[𝑚−3𝑚𝑚−1] and 𝛬𝑠 = 2.55𝑃−0.48 [𝑚𝑚−1], 

where D is the diameter for liquid droplets [mm] (melted diameter for ice particles) and P is 129 

the precipitation rate [mm hr-1]. The subscripts r and s indicate rain and snow, respectively. 130 

The backscattering cross section strongly depends on the refractive indices of the 131 

medium and the size parameter (x=πD/λ) according to Mie theory (e.g., Atlas and Ludram, 132 

1961; Herman and Battan, 1961). Thus, Z (= 10log10(ze)) and Z differences between two 133 

channels have information about representative sizes and hydrometeor phases. 134 

Liao and Meneghini (2011) (hereafter LM11) proposed a method to identify the 135 
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hydrometeor phases and bulk densities of snow particles using the radar reflectivity factors 136 

at the Ku (frequency of 13.6 GHz or wavelength λ = 2.2 cm) and Ka (frequency of 35.5 GHz 137 

or λ = 8.5 mm) bands (ZKu and ZKa, respectively). Figure 1 shows the relationships of ZKu 138 

and the dual frequency ratio (DFR = ZKu - ZKa) calculated for snow with various bulk 139 

densities, for solid ice, and for rain according to Mie theory (cf. Appendix A for details). Based 140 

on the scatter-plot of ZKu and the DFR, nondense sponge-like ice particles are 141 

characterized by smaller ZKu and larger DFR. LM11 performed a demonstration experiment 142 

to investigate the relationship between ZKu and the DFR in actual snow events and found 143 

that rain, snow, and mixed-phase classes are clustered in different regions on the ZKu-DFR 144 

diagram (shaded regions in Fig. 1). Recently, Akiyama et al. (2019) showed that the 145 

measured radar reflective factor at the Ku band (ZKum) and the measured dual frequency 146 

ratio (DFRm) in a hail storm case have distinctively different values from those in a heavy 147 

snowfall case. 148 

This study utilizes the ZKu-DFR diagram for detecting hail. On the other hand, Liao and 149 

Meneghini (2016) concluded that partitioning between the rain class and the mixed-phase 150 

class, which mainly consisted of melting snow in their cases, is difficult using only ZKu and 151 

the DFR, although the ZKu-DFR diagram has the potential to classify dense ice 152 

hydrometeors. In the following subsections, simple models to characterize melting snow and 153 

hail (or dense graupel) are presented for hydrometeor classification. 154 
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 155 

2.2  Melting snow on the ZKu-DFR diagram 156 

In the case of LM11 (cf. Fig. 1), the ZKu and the DFR values for mixed-phase particles 157 

are mostly explained by melting snow in the melting layer. According to Yokoyama and 158 

Tanaka (1984), the melting layer in stratiform rain systems is characterized by constant mass 159 

fluxes through phase change as follows: 160 

𝑁𝑠𝑣𝑡,𝑠 = 𝑁𝑚𝑣𝑡,𝑚 = 𝑁𝑟𝑣𝑡,𝑟, (3) 

where N is the number concentration and vt is the terminal velocity. The subscript m indicates 161 

melting snow. This model implicitly assumes that the number concentration of melting snow 162 

decreases as the melting volume fraction (f) increases through the assumption that vt,r > vt,s. 163 

Given an initial condition of snow particles above the melting layer, the transition of ZKu and 164 

the DFR of falling particles in the melting layer are calculated by combination with the melting 165 

layer model (Eq. (3)) and Mie theory (e.g., Liao and Meneghini, 2005). Assuming the GM 166 

PSD for snow above the melting layer, the PSD of rain after melting (hereafter this class is 167 

referred to as melted snow) no longer follows the MP PSD. Note that f is calculated for 168 

individual snow particles as a function of the particle diameter and falling distance from the 169 

freezing level, and hence, the mass-weighted mean melting volume fraction 𝑓 ̅ is analyzed 170 

in the following paragraphs to understand the bulk characteristics of the optical properties. 171 

Figure 2 shows four examples of the transition from snow (blue dashed line) to melted 172 
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snow (red solid line) by melting snow (black lines) on the ZKu-DFR diagram. In addition, rain 173 

curves with the MP PSD (orange solid line) and modified gamma PSDs fitted to various 174 

types of surface precipitation (orange dashed lines, Tokay and Short, 1996) are 175 

superimposed. According to the melting layer model, ZKu and the DFR increase as 𝑓 ̅176 

increases up to 0.5 (cf. black dashed lines in Fig. 2). An increase in ZKu in the melting layer 177 

is known as the bright band and is the typical characteristic of stratiform rain systems. 178 

Subsequently, ZKu and the DFR decrease toward the end of melting (cf. black solid lines in 179 

Fig. 2). Melted snow (red line) has a larger DFR for a given ZKu than rain (orange solid and 180 

dashed lines) does. This indicates that liquid droplets just below the melting layer have 181 

distinctively smaller number concentrations (larger mean volume diameter) compared to that 182 

of surface precipitation. 183 

The rain class for ZKu > 30 dBZ (red shaded region on the right) and mixed-phase class 184 

(green shaded region) fall along the envelope of the melting snow (for 𝑓 ̅ > 0.5) and melted 185 

snow curves. Such classes inevitably accompany snow class, and hence, the key point to 186 

identifying melting snow class is the bimodal structure of the snow signals and the melting 187 

snow/melted snow signals on the ZKu-DFR diagram near the freezing level.  188 

Note that the refractive indices for melting snow strongly depend on the mixing methods 189 

of liquid and ice water. Liao and Meneghini (2005) intensively investigated the mixing 190 

condition of melting snow and found that a stratified-sphere model reproduced the bright 191 
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band well in a stratiform rain event. This study used Bruggeman’s mixing formulation as a 192 

reasonable simplification method (Liao and Meneghini, 2005). 193 

 194 

2.3  Hail on the ZKu-DFR diagram 195 

This study introduces ZKu and the DFR signals that result from the cloud microphysical 196 

characteristics of hail growth to detect hail. Hail particles grow mainly by the accretion of 197 

liquid droplets. Assuming binary collision for the accretion, a collision of a liquid droplet with 198 

a hail particle results in a larger single hail particle. Thus, rapid accretion results in a 199 

significant reduction in the total number concentration with the conservation of the total mass 200 

concentration. This phenomenon, called collisional growth, can be represented by the 201 

evolution of the particle size distribution. Now, the MP distribution for rain (Eq. (2)) is 202 

assumed for frozen droplets as the initial condition of hail. Given the MP distribution for 203 

coexisting rain and hail particles, the process of halving the total number concentration (ntot) 204 

with the invariant total mass concentration (mtot) approximately corresponds to the process 205 

of modifying the assumed size distribution parameters as 𝑁0 → 0.4𝑁0, 𝛬 → 0.8𝛬 because 206 

𝑛𝑡𝑜𝑡 ∝ 𝑁0/𝛬 and 𝑚𝑡𝑜𝑡  ∝ 𝑁0/𝛬
4. 207 

Figure 3 shows the collisional growth curve of hail starting from the MP distribution (Eq. 208 

(2)) with various precipitation rates. Interestingly, rain for ZKu > 30 dBZ and mixed-phase 209 

classes also fall along the collisional growth curves. This means that the envelopes of the 210 
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melting snow curves (Fig. 3) and the collisional growth curves are similar to each other. 211 

Snow in the melting layer is assumed to lose its number concentration under the constraint 212 

condition of Eq. (3). As a result, the number concentration of melting snow/melted snow is 213 

as small as that of hail. Figure 3 indicates that hail signals derived from the ZKu-DFR 214 

diagram are potentially contaminated by the melting snow class just below the freezing level. 215 

Next, the dependence of the hail signals on the atmospheric temperature is examined. 216 

Hail growth regimes change from wet to dry as the atmospheric temperature decreases and 217 

the accreted liquid water content decreases (e.g., Lesins and List, 1986); the change results 218 

in decreases in the hail density at colder atmospheric temperature ranges. Macklin (1962) 219 

experimentally determined that the hail density ρh decreases as the atmospheric 220 

temperature decreases as follows: 221 

𝜌ℎ = 0.11 (−
𝑟𝑣0

𝑇𝑠
)
0.76

. (4) 

where r is the radius of the collected liquid droplet [μm], v0 is the impact speed at the collision 222 

[m s-1], and Ts
 is the ice surface temperature [℃]. The impact speed generally decreases as 223 

the altitude (atmospheric temperature) increases (decreases) because lighter and slower 224 

particles are more likely to be lifted up. Based on Fig. 3 from Macklin (1962), the typical 225 

values of ρh of 0.800, 0.600, 0.400, 0.250, and 0.100 are assumed at the atmospheric 226 

temperature ranges Ta ≥ 273, 273 > Ta ≥ 263, 263 > Ta ≥ 253, 253 > Ta ≥ 243, and Ta < 243, 227 

respectively. Figure 4 shows the changes in the collisional growth curves on the ZKu-DFR 228 
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diagram with various hail bulk densities ρh from 0.916 g cm-3 to 0.100 g cm-3. Smaller ZKu 229 

values and larger DFR values of hail signals are expected as the atmospheric temperature 230 

(altitude) decreases (increases). 231 

In this study, two characteristics of ZKu and the DFR signals are focused on to separate 232 

melting snow/melted snow and hail. One characteristic is that melting snow and melted snow 233 

mainly exist at atmospheric temperatures warmer than 273 K and that snow dominates just 234 

above the freezing level. The other characteristic is that ZKu and the DFR of hail can develop 235 

extremely as convection develops (e.g., the collisional growth curves with P > 10 mm hr-1 in 236 

Fig. 3). Based on the abovementioned characteristics, this study utilizes (1) thresholds of 237 

ZKu and the DFR, (2) atmospheric temperature, and (3) filtering to reduce missclassification 238 

for hail detection. The thresholds are determined compared to the NEXRAD ground radar 239 

observations in Section 4.1, and filters to remove melting snow and rain contamination are 240 

proposed in Section 4.2. 241 

3. Dataset 242 

This study used the attenuation-corrected radar reflectivity (zFactorCorrected) at the Ku 243 

and Ka bands rather than the measured radar reflectivity (zFactorMeasured) at the Ku and 244 

Ka bands to keep the consistency between the data analyses and the theoretical basis (cf. 245 

Section 2). A five-year dataset from March 2014 to December 2018 was analyzed: the GPM-246 

DPR level 2 products with version 05A from March 2014 to December 2017 and with version 247 
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05B during 2018. In addition, the atmospheric temperature Ta from the Japanese 55-year 248 

Reanalysis (JRA-55) products (Kobayashi et al., 2015) was used. The reanalysis data were 249 

collocated to the GPM-DPR orbit data by using the nearest neighbor method at the nearest 250 

time step. 251 

Note that this study assumed that attenuation correction works well even in intense 252 

storm cases despite of large uncertainties and ambiguities in the attenuation correction at 253 

Ku and Ka bands (e.g., Mroz et al., 2018). Analyses using the attenuation-corrected radar 254 

reflectivity potentially contain errors originated from the assumptions used for attenuation 255 

correction. Previous researches avoided the issue by using the measured radar reflectivity 256 

factor (e.g., Mroz et al., 2017; 2018; Akiyama et al., 2019; Le and Chandrasekar, 2021). In 257 

addition, multiple scattering effects to ZKu and ZKa (e.g., Battaglia et al., 2016) are not 258 

removed from the product. However, the multiple scattering effects are alleviated by the 259 

path-integrated attenuation correction method used for satellite products (Seto and Iguchi, 260 

2007; 2015; Seto et al., 2021). 261 

In this study, precipitation columns that contain ZKu values larger than a lower limit (10 262 

dBZ was chosen here (cf., Hou et al., 2014)) below the freezing level were sampled 263 

(hereafter, this database is referred to as DBRain) because rain droplets below the freezing 264 

level are the essential source of hail growth above the freezing level. In addition, subsets of 265 

the DBRain dataset that are very likely to contain hail signals are prepared to determine the 266 
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thresholds of hail signals on the ZKu-DFR diagram. The subsets DB273K, DB268K, and 267 

DB258K contain precipitating columns whose echo-top temperature is observed at 268 

atmospheric temperatures colder than 273 K, 268 K, and 258 K, respectively. Here, the echo 269 

top is defined as a ZKu value greater than or equal to 40 dBZ. The 40 dBZ Ku band 270 

reflectivity height above the freezing level is known to be a good indicator of hail (Mroz et 271 

al., 2017) and hence is used just for reference. Note that this study did not use typePrecip 272 

and flagBB of the GPM-DPR level 2 standard product (Awaka et al., 2016; Le et al., 2016) 273 

to classify melting snow, hail, and convective systems. 274 

This study used the hydrometeor classification data from the NEXRAD level 3 products 275 

(Park et al., 2009) for the evaluation of the hail thresholds based on the GPM-DPR. 276 

Specifically, ice crystals (CR), dry snow (DS), wet snow (WS), graupel (GR), big drops rain 277 

(BD), light and moderate rain (LR), heavy rain (HR), and a mixture of rain and hail (HA) were 278 

classified. In this study, LR+HR+BD is referred to as rain for simplicity. The NEXRAD 279 

consists of the polarimetric WSR-88D radars at 159 sites over the United States of America. 280 

Scenes are observed with a beam width of 1.0° at six elevator angles of 0.5°, 0.9°, 1.5°, 1.8°, 281 

2.4°, and 3.4°. In the analyses, the data were converted into latitude-longitude coordinates 282 

with a 0.0067 degree resolution by the NOAA Weather and Climate Toolkit version 4.3.1. 283 

The matching method between the GPM-DPR and the NEXRAD is described in Appendix 284 

B. 285 
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4. Results 286 

4.1. Definition of hail thresholds on the ZKu-DFR diagram 287 

First, the ZKu-DFR diagram near the freezing level was analyzed because hail is 288 

frequently observed at this level (Dolan et al., 2013). Figure 5 shows the joint probability 289 

density function (JPDF) of the ZKu and DFR values within the atmospheric temperature 290 

range from 273 to 263 K. In the DBRain (Fig. 5a), two major modes, the light ice mode 291 

(upper left) with ρs ~ 0.2 g cm-3 and the rain mode (bottom), are distinct, and the heavy ice 292 

mode with ρs ~ 0.4 to 0.8 g cm-3 is slightly observed between the light ice mode and rain 293 

mode. 294 

In contrast, in the DB273K database (Fig. 5b), ZKu values larger than 30 dBZ are more 295 

frequently observed, and the rain mode merges with the heavy ice mode at ZKu values from 296 

30 to 40 dBZ and DFR values from 0 to 5 dBZ. The DFR values in the merged mode 297 

drastically increase at ZKu values larger than 40 dBZ and peak at approximately nine to ten. 298 

The shape of the merged mode follows melting snow/melted snow curves or collisional 299 

growth curves in the ZKu-DFR diagram. Given an atmospheric temperature colder than 273 300 

K, the merged mode represents that rain droplets begin to freeze and hail/graupel grows by 301 

accretion in convective clouds. On the other hand, the light ice mode is distinctive, and hence, 302 

well-organized stratiform clouds are also contained in DB273K.  303 

In the DB268K and DB258K databases, the light ice mode (ρs =0.1 to 0.4) disappears. 304 
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In addition, the rain mode is narrowly observed around DFR = 0 dBZ and ZKu = 15 to 25 305 

dBZ. This indicates that slowly falling snow is not sustained near the freezing level and that 306 

a number of small rain droplets are continuously transported above the freezing level in 307 

stronger convection. In the DB258K database, the JPDF falls within the collisional growth 308 

curves from P = 10 to P = 100 mm hr-1. This study expects that hail signals are partially 309 

represented by the JPDF in the DB258 database. 310 

An intense hail-storm, which was simultaneously observed by the NEXRAD ground 311 

radar observations and the GPM-DPR over Texas, USA, at 22:25 UTC on 26 May 2015 (cf. 312 

Iguchi et al., 2018), was used to evaluate the hail signals. By referencing the NEXRAD level 313 

3 hydrometeor classification product, GPM grids that contained at least one graupel or hail 314 

pixel were sampled (details are described in Appendix B). 315 

Figures 6a-e show the ZKu-DFR diagram from the DB258K database at various 316 

atmospheric temperature ranges. The hydrometeor classes from the NEXRAD level 3 317 

product are also superimposed. In general, the mode of the JPDF shifts to the left and upper 318 

sides of the ZKu-DFR diagram as the atmospheric temperature decreases, and the shift 319 

almost follows the transition of ρh from 0.800 to 0.100 g cm-3 (cf. Eq. (4) and Fig. 4). In 320 

addition, the hail class is commonly observed on the right side of the collisional growth curve 321 

with P = 10 mm hr-1. 322 

The thresholds of the hail signals on the ZKu-DFR diagram are determined by the 323 
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collisional growth curve with P = 10 mm hr-1 as the upper boundary of the DFR values and 324 

the solid ice curve as the lower boundary of the DFR values at each ZKu value. In addition, 325 

the upper and lower limits are set for the DFR values. Furthermore, the boundary values are 326 

approximated with simpler functions, and the thresholds are finally defined as follows: 327 

Collisional 

growth curve 

DFR ≤ 𝐶1×ZKu + 𝐶2, 𝑇𝑎,𝑙𝑜𝑤 ≤ 𝑇𝑎 < 𝑇𝑎,ℎ𝑖𝑔ℎ. 

 

(5) 

Solid ice 

curve 

0.0032×(ZKu − 3.0)2 + 0.2 ≤ DFR, 

Upper and 

lower limits 

𝐶3 ≤ DFR ≤ 𝐶4, 

The constants C1, C2, C3, and C4, which are set at each atmospheric temperature range, 328 

are summarized in Table 1. The thresholds of ZKu and the DFR for hail detection are shown 329 

in Fig. 7. Note that the collisional growth curve is derived from a very simple model assuming 330 

binary collision, and hence, its accuracy is to be improved. On the other hand, the accuracy 331 

of the hail thresholds can be adjusted by appropriately choosing P values for the collisional 332 

growth curve. 333 

Now, the threshold method is evaluated by estimating the detection errors. The 334 

probability of missing hail (Pmiss), rain contamination (Pr), snow contamination (Ps), and 335 

graupel contamination (Pg) are defined as follows: 336 
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𝑃𝑚𝑖𝑠𝑠 = 𝑁ℎ𝑚𝑖𝑠𝑠/𝑁ℎ, (6) 

𝑃𝑗 = 𝑁𝑗,𝑖𝑛/𝑁𝑡ℎ𝑟 (𝑗 = 𝑟, 𝑠, 𝑔), 

where Nhmiss is the number of hail pixels that are not detected by the thresholds, Nh is the 337 

number of hail pixels, Nthr is the total number of pixels included in the thresholds, and Nj,in (j 338 

= r,s,g) is the number of rain (r), snow (s), or graupel (g) pixels that are included in the 339 

thresholds. At atmospheric temperatures warmer than 273 K, hail signals are potentially 340 

contaminated by rain droplets near the solid ice curve and are occasionally missed below 341 

the solid ice curve (Fig. 7a). In this test case, the probabilities of the former error (Pr) and 342 

the latter error (Pmiss) are 3.8% and 12.7%, respectively. Similarly, at atmospheric 343 

temperatures colder than 273 K, the hail signals are potentially contaminated by snow (Figs. 344 

7b-7e), but Ps is sufficiently small. At atmospheric temperatures colder than 253 K, it is 345 

difficult to distinguish the light ice mode, which lies along the ρs = 0.1 to 0.2 line, from the 346 

heavy ice mode, which lies along the collisional growth curve, because the two modes are 347 

almost merged (Figs. 6d and 6e). However, the collisional growth line with P = 10 mm hr-1 348 

separates the graupel and hail classes from the snow class well. Finally, more than 80% of 349 

the hail is expected to be captured in most hail layers. 350 

Note that the hail thresholds (Eq. (5)) potentially misclassify other categories at ZKu 351 

values less than 40 dBZ. Mroz et al. (2017) reported that the probability of hail occurrence 352 

decreases when the radar echo above the freezing level is less than 40 dBZ. Similarly, hail 353 
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classification in the NEXRAD product is suppressed by the radar-echo threshold of 40 dBZ 354 

to avoid misclassification (Park et al., 2009). In the following section, the hail thresholds are 355 

further evaluated in various storm cases. 356 

4.2 . Evaluation of the hail thresholds 357 

a. Dataset for evaluation 358 

The hail thresholds (Eq. (5)), which were determined in the single event, are evaluated 359 

in various events. The NEXRAD sites in central North America (from 30°N to 40°N and 360 

from 105°W to 90°W) are chosen. This study picks up hail events that satisfied two 361 

conditions: (i) the hail thresholds satisfied at least one GPM-DPR range gate below 1000 m 362 

above ground level and (ii) ZKu values equal to or more than 40 dBZ were observed above 363 

the freezing level. As a result, 74 events at 29 NEXRAD sites were chosen during 2014. The 364 

NEXRAD level 3 products are provided every 5 minutes. For matching the NEXRAD product 365 

with the GPM level 2 product, the NEXRAD observation within 3 minutes of the GPM 366 

observation is picked up. In addition, this study analyzes observation pixels that are not 367 

farther than 150 km from each radar site. The hail events used for the analyses are 368 

summarized in the supplemental information. The matching method between the GPM-DPR 369 

observations and the NEXRAD level 3 product is the same as in the previous analysis (cf. 370 

Appendix B). Figure 8 shows the frequency of dominant hydrometeor classes from the 371 

NEXRAD level 3 product within the analysis range in the chosen cases. Hail is mostly 372 
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observed at atmospheric temperatures from 25 to -10℃. In the atmospheric temperature 373 

range, the thresholds for hail detection on the ZKu-DFR diagram are potentially 374 

contaminated by wet snow or rain (cf. Section 2). 375 

To examine the contamination rates, the frequencies of hail, graupel, wet snow, and 376 

rain classes are plotted on the ZKu-DFR diagram at each atmospheric temperature range 377 

(Fig. 9). Here, the wet snow class in the NEXRAD product corresponds to melting snow. The 378 

thresholds for hail detection (Eq. (5)) capture well a major portion of the hail signals (70% - 379 

80%) all over the atmospheric temperature ranges. Thus, the ZKu-DFR diagram works 380 

sufficiently to detect hail even though ZKu and ZKa signals from the GPM-DPR satellite in 381 

hail-storms are known to be strongly affected by multiple scattering effects and horizontal 382 

inhomogeneity (Mroz et al., 2018). 383 

Nonnegligible frequency of spotty hail signals is found outside the hail thresholds; hail 384 

signals are missed at DFR values smaller than the solid ice curve (the lower boundary of 385 

the DFR values), especially at atmospheric temperatures warmer than 273 K. The former 386 

source of the missing hail signals is difficult to capture because such signals are not 387 

organized. The latter source of the missing hail signals is strongly contaminated by rain. The 388 

wet snow class (melting snow) is also observed within the hail thresholds, especially below 389 

the freezing level. 390 

This study utilizes the vertical structure of ZKu and the DFR to reduce rain and melting 391 
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contamination below the freezing level. To characterize the contaminated precipitation 392 

systems, two subsets of the NEXRAD-GPM matching database are prepared: the HR 393 

(heavy rain) and HG (hail/graupel) subsets contain radar profiles in which at least one rain 394 

and hail/graupel layer is observed within the hail thresholds below the freezing level, 395 

respectively. The sample sizes of the HR and HG subsets are 3000 and 3731 during 2014, 396 

respectively. 397 

b. Melting snow filter 398 

Melting snow signals are characterized by light snow particles above the freezing level 399 

and heavy dense particles just below the freezing level (cf. Section 2.2). These 400 

characteristics are clearly observed in Figs. 9j and 9k. Hence, contaminated columns are 401 

excluded (the melting snow filter) when the following two criteria are satisfied: 402 

(i) The hail base temperature Thb is warmer than 273 K. 403 

(ii) Snow signals dominate at atmospheric temperatures from 273 K to 263 K. 404 

Here, the hail base is defined by the lowest layer that satisfies the hail threshold (Eq. (5)). 405 

For example, the vertical profiles of the ZKu-DFR diagrams near the freezing level are 406 

calculated in the cases of Thb ranging from 273 K to 283 K (Fig. 10). The bimodal structure 407 

of the JPDF is clearly observed at atmospheric temperatures from 263 K to 273 K (Figs. 10a 408 

and 10c) and is found to be separated by the constant bulk density curve with ρs = 0.5 g cm-409 

3. At atmospheric temperatures from 273 K to 283 K, a transition from the light ice mode to 410 
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the heavy ice mode is observed (Figs 10b and 10d). These are typical characteristics of the 411 

melting layer. Hereafter, this study uses the constant bulk density curve with ρs = 0.5 g cm-3 412 

as the threshold to isolate the snow class at the atmospheric temperature range. The curve 413 

is approximated as follows (see Figs. 10a and 10c):  414 

DFR > 0.005×ZKu2 − 0.2. 273 K > 𝑇𝑎 ≥ 263 K (7) 

Note that the curve crosses the hail thresholds at higher ZKu values. Therefore, the snow 415 

mode (hereafter GPM-snow class) is defined on the ZKu-DFR diagram when both Eq. (7) 416 

and the lower boundary for the DFR (DFR ≥ 0.8×𝑍𝐾𝑢 − 23) are satisfied. The GPM-snow 417 

class matches the light ice mode of the dry snow class from the NEXRAD products well (see 418 

Fig. 9n). 419 

Interestingly, the melting layer is commonly observed among the HR and HG subsets 420 

(Figs. 10a, 10c). Thus, the hail signals below the freezing level are enormously contaminated 421 

by melting snow. For safety, this study assumes that GPM-DPR range gates that satisfy the 422 

hail thresholds below the freezing level are assumed to be melting snow when 50% of the 423 

GPM-DPR range gates at atmospheric temperatures from 263 K to 273 K are classified as 424 

GPM-snow. The melting snow filter substantially reduces melting snow contamination (see 425 

Table 2). In particular, melting snow contamination is detected in approximately 95% of 426 

columns in the HG subset when the hail base is observed at atmospheric temperatures from 427 

273 K to 283 K. 428 
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Note that an alternative melting layer flag was proposed by Awaka et al. (2016) and Le 429 

et al. (2016) and is provided by the GPM-DPR level2 standard product. Their techniques 430 

use the difference between the measured DFR (DFRm) above the melting layer and DFRm 431 

below the melting layer to detect the location and thickness of the melting layer (cf. Fig. 2). 432 

In contrast, the melting snow filter proposed in this study is designed to capture dry snow 433 

over the melting layer (cf. Fig. 10 and Eq. (7)). Thus, the melting snow filter does not deal 434 

with the vertical structure of the melting layer (bright band) but sufficiently removes melting 435 

snow contamination both in convective and stratiform precipitation systems. 436 

 437 

c. Heavy rain filter 438 

This study hypothesizes that hail signals below the freezing level result from the deep 439 

hail layer above the freezing level. In general, hail particles, which are detectable at 440 

temperatures warmer than 273 K, are large so as not to completely dissipate by sublimation 441 

and melting. Such larger hail particles require stronger updrafts, and hence, deep hail layers 442 

are expected to be formed above the freezing level. In previous studies, some vertically 443 

integrated parameters, which represent the hail layer depth above the freezing level (e.g., 444 

Lenning et al., 1998; Mroz et al., 2017), are similarly utilized for hail detection. 445 

This study uses a threshold ratio Rthr (k) = Lthr(k)/L (k) to separate hail from rain. Here, 446 

L (k) is defined by the layer number from the freezing level to a certain level k, and Lthr (k) is 447 
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defined by the number of layers that satisfy the hail thresholds (Eq. (5)) from the freezing 448 

level to a certain level k. Thus, Rthr represents an index of the hail layer depth. 449 

Figure 11 shows the vertical profiles of Rthr sorted by the hail base temperature. Rthr 450 

values become larger as the hail base temperature becomes warmer in the HG subset. This 451 

indicates that the hail layer deepens as the hail base temperature increases, as expected. 452 

In contrast, the vertical profiles of Rthr are less sensitive to the hail base temperature in the 453 

HR subset. Therefore, Rthr values are distinctive between the HR and HG subsets when the 454 

hail base is observed at atmospheric temperatures warmer than 283 K. In most hail storm 455 

cases, hail layers are continuously distributed from the freezing level to the top of the hail 456 

layers. Thus, approximately 60% (30%) of the storm population has a hail top temperature 457 

colder than -20℃ in the HG (HR) subset (Fig. 11a). 458 

The precipitation columns are assumed to be uncontaminated by rain when Rthr > 0.8 459 

at a certain threshold temperature Tthr (heavy rain filter). In other words, storms with Rthr ≦460 

0.8 at Tthr are excluded from the analysis, and hence, the storm population decreases after 461 

this process. Hereafter, this process is referred to as the heavy rain filter. The dependence 462 

of the population ratio on the threshold temperature Tthr is examined (Fig. 12). The 463 

population ratio is the ratio of the storm population with the heavy rain filter to the storm 464 

population without the filter. The rain contamination decreases as Tthr decreases in all storms. 465 

On the other hand, hail signals are more likely to be missed at lower Tthr values. 466 
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The hail/graupel class and the rain class are indistinguishable below the freezing level 467 

when the hail base temperatures are observed from 273 K to 283 K. In this case, hail or 468 

graupel completely melts just below the freezing level, and hence, hail, graupel, and rain 469 

classes coexist within a very narrow temperature range. However, the case is not frequently 470 

observed in the NEXRAD-GPM matching database (shown in the following subsection), and 471 

hence, this study is not focused on reducing rain contamination in this case. 472 

d. Alternative solid ice curve 473 

The sensitivity of the hail thresholds to hail detection is examined in this subsection. In 474 

particular, the solid ice curve is expected to differ by rain systems. This study assumes the 475 

gamma distribution for convective rain systems compiled by Tokay and Short (1996) for the 476 

alternative solid ice curve. Its formulation is to be referred to the case 1 in Table 2 in the 477 

original paper. In the same manner as Eq. (5), the alternative solid ice curve is approximated 478 

as follows: 479 

0.0032×(𝑍𝐾𝑢 − 3.0)2 − 2.0 ≦ DFR. (8) 

Figure 13 shows the difference in the coverage of the hail thresholds with the alternative 480 

solid ice curve. The thresholds with the alternative solid ice curve capture more hail signals 481 

than the thresholds with the original solid ice curve do. In particular, Pmiss improves at 482 

atmospheric temperatures warmer than 263 K. On the other hand, the alternative solid ice 483 

curve gets closer to the rain curve with the MP-PSD at warmer temperatures. As a result, 484 
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the expanded thresholds more frequently contain other hydrometeors (graupel and rain) and 485 

Ph decreases particularly below the freezing level. These results show that the missing rate 486 

and the contamination rate are incompatible. 487 

 488 

e. Filtering test 489 

Figure 14 shows the vertical profile of Nthr, Pmiss, Psnow, Pws, and Prain in the NEXRAD-490 

GPM matching database. Here, the analysis results with the hail thresholds with the default 491 

solid ice curve and no filters are indicated as CTL. The melting snow filter (FML), heavy rain 492 

filter with Tthr = -10 ℃ and Tthr = -20 ℃ (Fr10, Fr20, respectively), and the alternative solid 493 

ice curve (ALT) are tested against the CTL. The hail signals from the NEXRAD products are 494 

captured well by the hail thresholds at atmospheric temperatures colder than 20℃ and are 495 

missed more as the stronger filter is used, especially below the freezing level (Figs. 14b;14f). 496 

The hail thresholds with the alternative solid ice curve work well to reduce Pmiss below the 497 

freezing level without filtering (Fig. 14f) but substantially overestimates Nthr compared to the 498 

NEXRAD hail profile (Fig. 14e) due to misclassification (Fig. 14h). As a result, the hail 499 

thresholds with the alternative solid ice curve need stronger filtering than the hail thresholds 500 

with the default solid ice curve, as expected. Most hail signals above the freezing level detect 501 

the hail class or the graupel class, whereas rain contamination dominates at atmospheric 502 

temperatures warmer than 20 ℃. The use of the heavy rain filter modestly reduces the rain 503 
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contamination below the freezing level, and the removal efficiency of the heavy rain filter is 504 

small between Tthr = -20 ℃ and Tthr = -10 ℃ (Figs. 14d; 14h). 505 

Finally, the Nthr profile from the CTL with the FML and Fr10 filters is comparable to the hail 506 

profile from the NEXRAD product (Fig. 14a). Thus, this study applies the CTL thresholds 507 

with the FML and Fr10 filters to analyze the near-global three-dimensional hail distribution. For 508 

reference, the reliability of hail detection is compiled at each temperature range and each 509 

pair of ZKu and the DFR based on the NEXRAD-GPM matching database (Appendix C). 510 

Note that wet snow is minor in the NEXRAD-GPM matching database (Fig. 14d). 511 

However, in fact, the melting snow filter substantially removes the contaminated pixels from 512 

the GPM observations (Table 2). These results indicate that wet snow is potentially 513 

populated but is misclassified as other classes in the NEXRAD-GPM matching database. 514 

Since the vertical resolution of the NEXRAD product is coarse (1 km to 3 km) compared to 515 

the fine vertical structure of the melting layer (~1 km), it is difficult to dominantly classify wet 516 

snow within a GPM-DPR footprint in the NEXRAD-GPM matching database. On the other 517 

hand, GPM-DPR has finer vertical resolution (125 m) and, hence, frequently detects melting 518 

layer (wet snow) signals in stratiform rain systems. Therefore, the melting snow filter is not 519 

excluded, although the melting snow filter slightly increases Pmiss (Fig. 14b). 520 

5. Near-global three-dimensional distribution of hail signals 521 

The near-global distribution of the hail signals is analyzed from March 2014 to 522 
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December 2018. The frequency of hail signals fhail is normalized by the GPM-DPR 523 

observations at each 1.25°×1.25° latitude-longitude grid. The hail thresholds (Eq. (5) and 524 

Table 1), which are discretized by the 10 K temperature range, result in discretized hail 525 

distribution in the global analysis. Therefore, the coefficients used for the hail thresholds are 526 

linearly interpolated by the atmospheric temperature to derive the smooth hail distribution 527 

as follows: 528 

𝐶𝑗 = 𝐶𝑗
𝑘−1 +

𝐶𝑗
𝑘−𝐶𝑗

𝑘−1

10
(𝑇𝑎 − 𝑇𝑎,𝑚𝑖𝑑

𝑘−1 ), (j = 1,2,3,4) 𝑇𝑎,𝑚𝑖𝑑
𝑘−1 ≤ 𝑇𝑎 < 𝑇𝑎,𝑚𝑖𝑑

𝑘 , 

(𝑇𝑎,𝑚𝑖𝑑
𝑘 =

𝑇𝑎,𝑙𝑜𝑤
𝑘 + 𝑇𝑎,𝑙𝑜𝑤

𝑘

2
). 

(9) 

The hail detection procedures are summarized schematically in Fig. 15. 529 

The near-global hail distribution with the FML filter is shown in Fig. 16a. The hail signals 530 

are widely distributed along the Intertropical Convergence Zone, South Pacific Convergence 531 

Zone, South Atlantic Convergence Zone, and storm track regions in the midlatitudes. The 532 

heavy rain filter removes the hail signals below the freezing level, which are potentially 533 

contaminated by large rain droplets (Figs. 16c and 16d). The use of the heavy rain filter 534 

reduces the hail signals to one-third over the tropics and half over the midlatitudes. 535 

The frequent occurrence of hail signals over the oceans is a unique feature illustrated 536 

by the GPM-DPR observations. The hail signals are specifically concentrated near the 537 

freezing level (Fig. 16d). It is found that 52 % and 33 % of the hail signals are confined within 538 

a single GPM-DPR layer (Δz = 125 m) over the oceans and land, respectively. In addition, 539 
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the 90th percentile of the hail signals has layer thicknesses of 1500 m and 6750 m over the 540 

oceans and land, respectively. Such narrow distributions of hail and frozen droplets, 541 

especially over the oceans, were directly detected by past observations using video sondes. 542 

Takahashi (2006) compiled more than 200 video sonde profiles over the east Asian monsoon 543 

region and revealed that frozen droplets frequently existed near the freezing level and that 544 

their mass concentrations were dominant over the tropical open ocean. These observations 545 

indicate that frozen droplets can be generated just above the freezing level even in moderate 546 

convection over the oceans. Therefore, Fig. 16c shows the geographical distribution of hail, 547 

which frequently contains relatively small dense ice particles. Such ice particles in the free 548 

troposphere have been missed by past ground observations using hail pads and ground hail 549 

reports. 550 

The vertical resolution of measuring instruments is crucial to detect hail signals because 551 

frozen droplets are narrowly distributed around the freezing level. Assuming the S-band 552 

radar of the NEXRAD product with a beam width of 1.0°, the vertical resolution of the ground 553 

radars is coarser than 1500 m at distances farther than 100 km from a radar site (cf. 554 

Appendix B). Thus, most hail signals, specifically over the oceans, are potentially missed by 555 

such ground observations. 556 

Finally, this study tries to test an additional filter to pick up hail signals that can reach 557 

the ground surface. The new filter is the same as the heavy rain filter but the filter is applied 558 
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regardless of the hail base temperature (Fig. 15). Since only the deep hail signals pass the 559 

filter (Section 4.2.c), precipitating columns that contain only small frozen droplets confined 560 

around the freezing level are excluded. As a result, this procedure clearly removes hail 561 

signals over the oceans (Fig. 17). 562 

This hail map is similar to that obtained by past observational studies validated by 563 

ground truth observations (Cecil and Blankenship, 2012; Mroz et al., 2017). Specifically, 564 

well-known frequent hail occurrences over the so-called Tornado Alley of the United States 565 

are clearly captured (e.g., Allen et al., 2015). In addition, this hail map is similar to the thunder 566 

storm map (e.g., Zipser et al., 2006; Peterson, 2019). Thus, this hail map captures the 567 

occurrence of intense convective thunder storms that induce severe hail disasters. 568 

Note that filtering to remove contamination over the oceans was not evaluated because 569 

of the lack of ground truth observations. Zenith radar observations on observation vessels 570 

are to be used for evaluating GPM-DPR products over the oceans in the future. In addition, 571 

users should be careful when analyzing specific hail events using this hail product because 572 

hail signals near the ground are likely to be contaminated by rain (cf. Fig. 15d). For example, 573 

in terms of disaster prevention operations, a heavy rain filter with warmer Tthr values is 574 

preferable for safety. 575 

6. Summary 576 

This study defined the hail signal using the ZKu-DFR diagram. In terms of cloud 577 
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microphysics, the hail signals lie along the collisional growth curve. The ZKu and DFR values 578 

for hydrometeor classification were examined at five atmospheric temperature ranges by 579 

comparing them to the NEXRAD level 3 product in a test case of hail-storms. The collisional 580 

growth curve with P = 10 mm hr-1 and assumed bulk ice densities separate hail from other 581 

hydrometeors well. This study showed effectiveness of the use of the attenuation-corrected 582 

radar reflectivity for hydrometeor classification despite of the uncertainties in attenuation 583 

correction. 584 

The thresholds of ZKu and the DFR for hail detection were then evaluated in an 585 

additional 74 hail-storm events and were found to be contaminated especially by melting 586 

snow and rain. This study proposed the melting snow filter and heavy rain filter to reduce 587 

contamination using the vertical profile of the ZKu and DFR values in storms. 588 

Finally, the near-global three-dimensional hail distribution was derived by using the 589 

GPM-DPR products in combination with the atmospheric temperature from the JRA-55 590 

reanalysis product. The GPM-DPR observations indicate that hail is widely distributed over 591 

oceanic convergence zones as well as continental convective regions. Specifically, hail is 592 

frequently observed in a thin layer near the freezing level. High-resolution space-borne radar 593 

is capable of capturing such hail signals. The new hail dataset can be utilized for model 594 

evaluation, detection of the early stage of hailstorm development, and estimation of the 595 

potential hail risk at the global scale. 596 
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 597 

Supplement 598 

Supplement 1. Table S1 summarizes the hail-storm events used for the NEXRAD-GPM 599 

matching database. 600 
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 617 

Appendix A. Mie calculation 618 

The backscattering coefficients were numerically calculated following the method used 619 

by Herman and Battan (1961). The Mie coefficients were calculated by an efficient solver 620 

proposed by Dave (1969) and Wiscombe (1980). A downward recurrence method was used 621 

in numerically unstable cases (particularly, cases involving larger size parameters) 622 

(Kattawar and Plass, 1967; Lentz, 1976). 623 

We used the refractive indices for liquid water and solid ice at the Ka and Ku bands 624 

compiled in the Satellite Date Simulator Unit (Masunaga et al., 2010; Matsui et al., 2014) 625 

(see Hufford (1991) and Brussaard and Watson (1994) for the original articles). To derive 626 

the refractive indices for sponge-like snow particles, the Hanai-Bruggeman equation (Hanai, 627 

1962) was used to accurately represent a mixed medium of ice and air following Liao and 628 

Meneghini (2005). We note that the refractive indices for liquid water are sensitive to 629 

temperature, whereas those for ice particles are insensitive to temperature. Therefore, the 630 

Mie coefficients of rain were calculated for each temperature range. 631 

 632 

Appendix B. Matching the GPM-DPR footprint and the NEXRAD level 3 product 633 

The matching method between the GPM-DPR footprint and the NEXRAD level 3 634 
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product is explained with an example of the hail-storm case analyzed in Iguchi et al. (2008). 635 

The hail-storm was simultaneously captured by the polarimetric WSR-88D radar located at 636 

the KFWS-DALLAS/FTW site at 22:25 UTC on 26 May 2015 and by the GPM-DPR. The 637 

issue is the different resolutions of the different observational products. The NEXRAD level 638 

3 data have a horizontal resolution of approximately 0.6 km, and the vertical resolution 639 

increases from 1 to 4 km along the beam direction (see Fig. B1). On the other hand, the 640 

GPM-DPR level 2 product has a horizontal resolution of approximately 5 km and a vertical 641 

resolution of 125 m. To solve this issue, Mroz et al. (2017) resampled the NEXRAD level 1 642 

data at each GPM-DPR footprint and then retrieved the hydrometeor classification. This 643 

study selected only all the hydrometeor classes of the NEXRAD level 3 data at each GPM-644 

DPR footprint for simplicity: approximately 50 NEXRAD grids are selected within a 20 km2 645 

circle, and the majority class is chosen as the representative class with the exception of GR 646 

and HA. GR or HA is chosen as the representative class when at least one GR or HA is 647 

sampled within a GPM-DPR footprint. In addition, HA takes priority over GR. The 648 

hydrometeor classes from the NEXRAD level 3 data are carefully chosen according to the 649 

atmospheric temperatures to avoid contamination. For example, a NEXRAD level 3 grid with 650 

a 3 km beam width has an atmospheric temperature variability of more than 15 K from the 651 

beam bottom to the beam top. Therefore, hydrometeor classes detected by the NEXRAD 652 

level 3 product are likely to be contaminated specifically around the freezing level. In this 653 
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study, LR+HR+BD is chosen only when the atmospheric temperature at the top of the beam 654 

is warmer than 273 K. Similarly, DS is chosen only when the atmospheric temperature at 655 

the bottom of the beam is colder than 273 K. 656 

 657 

Appendix C. The reliability flag of hail signals 658 

This study proposes the reliability of hail signals on the ZKu-DFR diagram at each 659 

temperature range. The ratio of graupel and hail frequencies to the total frequency is 660 

estimated as a hit ratio Rhit at each ZKu and the DFR grid on the ZKu-DFR diagram, at which 661 

hail is observed by the NEXRAD product at least once. Here, ZKu and the DFR are 662 

discretized by 1 and 0.5 intervals, respectively, and then the Rhit is estimated after the FML 663 

and Fr10 filters are applied to the NEXRAD-GPM matching database during 2014 (Fig. C1). 664 

It is found that the reliability of hail detection is almost larger than 0.9 at atmospheric 665 

temperatures colder than 10 ℃. In particular, the collisional growth curve with P = 10 mm 666 

hr-1 sufficiently works to determine the lower thresholds of ZKu values. This result extends 667 

the typical lower limit of hail thresholds of ZKu = 40dBZ above the freezing level (e.g., 668 

Lenning, 1998; Park et al., 2009; Mroz et al., 2017). Rhit values are likely to be larger than 669 

0.5 at DFR larger than seven at atmospheric temperatures warmer than 10 ℃. One can 670 

choose an additional threshold of the DFR for hail detection to reduce contamination as 671 

usage. 672 
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List of Figures 847 

Fig. 1. ZKu and DFR relationships according to Mie theory assuming rain, solid ice (ρh 848 

= 0.916 g m-3), and snow with various bulk densities ρs [g cm-3]. Each curve is drawn by 849 

linear interpolation of the ZKu and DFR values with precipitation rates P = 0.1, 0.3, 0.5, 1.0, 850 

3.0, 5.0, 10.0, 30.0, 50.0, and 100.0 [mm hr-1]. The blue, red, and green shaded regions 851 

roughly indicate snow, rain, and mixed-phase hydrometeors, respectively, detected by the 852 

linear depolarization ratio method at the Ku band in winter snow events from Liao and 853 

Meneghini (2011). 854 

 855 

Fig. 2. The same as Fig. 1 but ZKu and DFR values from the melting layer model. The 856 

transition from snow to melted snow is shown by black lines. Melting conditions with the 857 

mass-weighted melting volume fraction 𝑓 ̅ equal to or smaller than 0.5 are shown by black 858 

dashed lines, and melting conditions with 𝑓 ̅ larger than 0.5 are shown by black solid lines. 859 

The envelop of the initial condition (𝑓 ̅ = 0) and final condition (𝑓 ̅ = 1) of the melting layer 860 

model are shown by the blue dashed line and red sold line, respectively. For reference, rain 861 

signals with the MP PSD and four typical types of PSD compiled by Tokay and Short (1996) 862 

(see Table 1 and Table 2 in the original paper for detail) are shown by orange lines. 863 

 864 

Fig. 3. The ZKu-DFR diagram for collisional growth curves of hail with different particle 865 
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number concentrations nh; nh is halved at every point along the constant P lines. Ta = 268 K 866 

was assumed here. 867 

 868 

Fig 4. The same as Fig. 3 except for the different assumed bulk densities (ρh = 0.916, 869 

0.8, 0.6, 0.4, 0.25, and 0.1 [g cm-3]). 870 

 871 

Fig. 5. The joint probability density function of the ZKu and DFR values at atmospheric 872 

temperatures ranging from 273 to 263 K was derived from the DBRain, DB273K, DB268K, 873 

and DB258K databases. The sample size is shown in each figure title. The hydrometeor 874 

curves (color lines) and the collisional growth curves (black lines) are superimposed. 875 

 876 

Fig. 6. The joint probability density functions from the DB258K database at different 877 

atmospheric temperature ranges. The collisional growth curves with different assumed hail 878 

densities are superimposed as black lines. The rain (light rain + heavy rain + big drops), dry 879 

snow, graupel, and hail pixels identified by the NEXRAD product are superimposed with 880 

purple, gray, green, and black circles, respectively. 881 

 882 

Fig.7. The same as Fig.6 except that the thresholds of ZKu and the DFR for hail 883 

detection are superimposed. In addition, the probabilities of contamination (Pr, Ps, and Pg) 884 
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and missing hail Pmiss are also listed. 885 

 886 

Fig. 8. The frequencies of dominant hydrometeor classes within GPM footprints from 887 

the NEXRAD level 3 product within the analysis range during the chosen events. 888 

 889 

Fig. 9. The frequencies of the hydrometeor classes from the NEXRAD level 3 product 890 

on the ZKu-DFR diagram at four atmospheric temperature ranges during the chosen events. 891 

The thresholds for hail detection (Eq. (5)) are superimposed by solid black lines. The 892 

probabilities of missing hail (Pmiss), hitting hail (Ph), and contamination by other hydrometeors 893 

(Pg, Pws(wet snow), Ps, and Pr) are also listed. 894 

 895 

Fig. 10. The ZKu-DFR diagram at each temperature range derived from the HG and HR 896 

subsets. The thresholds for hail detection (Eq. (5)) are superimposed by thin solid lines. The 897 

thick solid line indicates the constant density curve with ρs = 0.5 g cm-3 and the thick dashed 898 

line indicates the approximate curve. 899 

 900 

Fig. 11. The mean vertical profiles of the threshold ratio Rthr for storms with various hail 901 

base temperature Thb ranges. Solid and dashed lines indicate the profiles in the HG and HR 902 

subsets, respectively. 903 
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 904 

Fig. 12. The dependence of the population ratio on the threshold temperature Tthr from 905 

the HG subset (black lines) and HR subset (red lines). The population ratio is the ratio of the 906 

storm population with the heavy rain filter to the storm population without the filter. 907 

 908 

Fig. 13. The same as Figs. 9a-9d but with the alternative solid ice curve for the hail 909 

thresholds. For reference, the original solid ice curve and rain curve with the MP-PSD are 910 

shown by dashed lines and red lines, respectively. 911 

 912 

Fig. 14. Vertical profiles of (a, e) Nthr, (b, f) Pmiss, (c, g) Ph (black lines), the probability of 913 

hail or graupel Pg + Ph (red lines), and (d, h) Ps (red lines), Pws (green lines), and Pr (black 914 

lines) from the NEXRAD and GPM-DPR matching datasets. The various line types 915 

correspond to the analysis results with various combinations of the filters or no filters. FML, 916 

Fr10, and Fr20 denote the melting snow filter, and the heavy rain filter with Tthr = -10℃ and -917 

20℃ , respectively. For reference, the hail occurrence from the NEXRAD product is 918 

superimposed by the solid line in (a, e). The left column shows the results with the hail 919 

thresholds with default solid ice curve and the right column shows the results with the hail 920 

thresholds with the alternative solid ice curve. 921 

 922 
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 923 

 924 

Fig. 15. The flowchart of the hail detection procedures. 925 

 926 

Fig. 16. The five-year climatology of the near-global distribution of the fraction of the DPR 927 

profiles that contain at least one hail layer in a column. The hail frequency fhail is scaled just 928 

for visualization. (a) Horizontal map of the hail signals with the FML filter, and (c) the hail 929 

signals with the FML and Fr10 filters are shown in the first column. Zonal mean values of the 930 

vertical profiles of the hail signals with the same filters are shown in the second column in 931 

the same row. The freezing level is shown by a black solid line, and the isotherms are shown 932 

by black dashed lines with 10 K intervals in (b) and (d). 933 

 934 

 935 

Fig. 17. The same as Fig. 16 but with the FML and Fr10 filters regardless of the hail base 936 

temperature. 937 

 938 

Fig. B1. Hydrometeor classes at various elevator angles. The black solid lines indicate 939 

the radial changes in the beam widths of 1.0, 2.0, 3.0, and 4.0 km. 940 

 941 
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Fig. C1. The hit ratio on the ZKu-DFR diagram at each temperature range based on the 942 

NEXRAD-GPM matching database within 2014. The hail thresholds are superimposed by 943 

solid black lines and sample sizes of the joint histogram are listed in the labels. 944 

 945 

 946 

  947 
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 948 

Fig. 1. ZKu and DFR relationships according to Mie theory assuming rain, solid ice (ρh 949 

= 0.916 g m-3), and snow with various bulk densities ρs [g cm-3]. Each curve is drawn by 950 

linear interpolation of the ZKu and DFR values with precipitation rates P = 0.1, 0.3, 0.5, 1.0, 951 

3.0, 5.0, 10.0, 30.0, 50.0, and 100.0 [mm hr-1]. The blue, red, and green shaded regions 952 

roughly indicate snow, rain, and mixed-phase hydrometeors, respectively, detected by the 953 

linear depolarization ratio method at the Ku band in winter snow events from Liao and 954 

Meneghini (2011). 955 

 956 

 957 

 958 

 959 
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 960 

 961 

 962 

Fig. 2. The same as Fig. 1 but ZKu and DFR values from the melting layer model. The 963 

transition from snow to melted snow is shown by black lines. Melting conditions with the 964 

mass-weighted melting volume fraction 𝑓 ̅ equal to or smaller than 0.5 are shown by black 965 

dashed lines, and melting conditions with 𝑓 ̅ larger than 0.5 are shown by black solid lines. 966 

The envelop of the initial condition (𝑓 ̅ = 0) and final condition (𝑓 ̅ = 1) of the melting layer 967 

model are shown by the blue dashed line and red sold line, respectively. For reference, rain 968 

signals with the MP PSD and four typical types of PSD compiled by Tokay and Short (1996) 969 

(see Table 1 and Table 2 in the original paper for detail) are shown by orange lines. 970 

 971 
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 972 

 973 

Fig. 3. The ZKu-DFR diagram for collisional growth curves of hail with different particle 974 

number concentrations nh; nh is halved at every point along the constant P lines. Ta = 268 K 975 

was assumed here. 976 

 977 

 978 

 979 

 980 

 981 

 982 
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 983 

Fig. 4. The same as Fig. 3 except for the different assumed bulk densities (ρh = 0.916, 984 

0.8, 0.6, 0.4, 0.25, and 0.1 [g cm-3]). 985 

 986 

 987 

 988 

 989 

 990 

 991 

 992 
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 993 

Fig. 5. The joint probability density function of the ZKu and DFR values at atmospheric 994 

temperatures ranging from 273 to 263 K was derived from the DBRain, DB273K, DB268K, 995 

and DB258K databases. The sample size is shown in each figure title. The hydrometeor 996 

curves (color lines) and the collisional growth curves (black lines) are superimposed. 997 

 998 

 999 

 1000 

 1001 
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 1002 

 1003 

Fig. 6. The joint probability density functions from the DB258K database at different 1004 

atmospheric temperature ranges. The collisional growth curves with different assumed hail 1005 

densities are superimposed as black lines. The rain (light rain + heavy rain + big drops), dry 1006 

snow, graupel, and hail pixels identified by the NEXRAD product are superimposed with 1007 

purple, gray, green, and black circles, respectively. 1008 

 1009 
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 1010 

Fig.7. The same as Fig.6 except that the thresholds of ZKu and the DFR for hail 1011 

detection are superimposed. In addition, the probabilities of contamination (Pr, Ps, and Pg) 1012 

and missing hail Pmiss are also listed. 1013 
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 1014 

Fig. 8. The frequencies of dominant hydrometeor classes within GPM footprints from 1015 

the NEXRAD level 3 product within the analysis range during the chosen events. 1016 

 1017 

 1018 

 1019 

 1020 

 1021 

 1022 
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 1023 

Fig. 9. The frequencies of the hydrometeor classes from the NEXRAD level 3 product 1024 

on the ZKu-DFR diagram at four atmospheric temperature ranges during the chosen events. 1025 

The thresholds for hail detection (Eq. (5)) are superimposed by solid black lines. The 1026 

probabilities of missing hail (Pmiss), hitting hail (Ph), and contamination by other hydrometeors 1027 

(Pg, Pws(wet snow), Ps, and Pr) are also listed. 1028 

 1029 

 1030 

 1031 
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 1032 

 1033 

Fig. 10. The ZKu-DFR diagram at each temperature range derived from the HG and HR 1034 

subsets. The thresholds for hail detection (Eq. (5)) are superimposed by thin solid lines. The 1035 

thick solid line indicates the constant density curve with ρs = 0.5 g cm-3, and the thick dashed 1036 

line indicates the approximate curve. 1037 

 1038 

 1039 

 1040 
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 1041 

Fig. 11. The mean vertical profiles of the threshold ratio Rthr for storms with various hail 1042 

base temperature Thb ranges. Solid and dashed lines indicate the profiles in the HG and HR 1043 

subsets, respectively. 1044 
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 1045 

Fig. 12. The dependence of the population ratio on the threshold temperature Tthr from 1046 

the HG subset (black lines) and HR subset (red lines). The population ratio is the ratio of the 1047 

storm population with the heavy rain filter to the storm population without the filter. 1048 
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Fig. 13. The same as Figs. 9a-9d but with the alternative solid ice curve for the hail 1057 

thresholds. For reference, the original solid ice curve and rain curve with the MP-PSD are 1058 

shown by dashed lines and red lines, respectively. 1059 
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 1061 
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 1062 

Fig. 14. Vertical profiles of (a, e) Nthr, (b, f) Pmiss, (c, g) Ph (black lines), the probability of 1063 

hail or graupel Pg + Ph (red lines), and (d, h) Ps (red lines), Pws (green lines), and Pr (black 1064 
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lines) from the NEXRAD and GPM-DPR matching datasets. The various line types 1065 

correspond to the analysis results with various combinations of the filters or no filters. FML, 1066 

Fr10, and Fr20 denote the melting snow filter, and the heavy rain filter with Tthr = -10℃ and -1067 

20℃ , respectively. For reference, the hail occurrence from the NEXRAD product is 1068 

superimposed by the solid line in (a, e). The left column shows the results with the hail 1069 

thresholds with default solid ice curve and the right column shows the results with the hail 1070 

thresholds with the alternative solid ice curve. 1071 
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 1073 

Fig. 15. The flowchart of the hail detection procedures. 1074 
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 1078 

Fig. 16. The five-year climatology of the near-global distribution of the fraction of the DPR 1079 

profiles that contain at least one hail layer in a column. The hail frequency fhail is scaled just 1080 

for visualization. (a) Horizontal map of the hail signals with the FML filter, and (c) the hail 1081 

signals with the FML and Fr10 filters are shown in the first column. Zonal mean values of the 1082 

vertical profiles of the hail signals with the same filters are shown in the second column in 1083 

the same row. The freezing level is shown by a black solid line, and the isotherms are shown 1084 

by black dashed lines with 10 K intervals in (b) and (d). 1085 
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 1086 

Fig. 17. The same as Fig. 16 but with the FML and Fr10 filters regardless of the hail base 1087 

temperature. 1088 
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 1099 

 1100 

Fig. B1. Hydrometeor classes at various elevator angles. The black solid lines indicate 1101 

the radial changes in the beam widths of 1.0, 2.0, 3.0, and 4.0 km. 1102 
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 1109 

 1110 

Fig. C1. The hit ratio on the ZKu-DFR diagram at each temperature range based on the 1111 

NEXRAD-GPM matching database within 2014. The hail thresholds are superimposed by 1112 

solid black lines and sample sizes of the joint histogram are listed in the labels. 1113 
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Table 1. Parameters used for the hail thresholds at each atmospheric temperature range. 1123 

Temperature range C1 C2 C3 C4 

273K ≦ Ta 0.7 -20 Not used 10 

263K ≦ Ta < 273K 0.8 -23 Not used 11 

253K ≦ Ta < 263K 0.9 -25 Not used 12 

243K ≦ Ta < 253K 1.14 -31 5 13 

Ta < 243K 1.77 -46 5 15 
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Table 2. Detection rate of the columns that contain melting snow contamination. The 1139 

detection rate is sorted by the hail base temperature (Thb). 1140 

The hail base temperature range HR HG 

273 K ≦ Thb < 283 K 89.5 % 95.1 % 

283 K ≦ Thb < 293 K 22.8 % 16.0 % 

293 K ≦ Thb < 303 K 18.2 % 7.4 % 

303 K ≦ Thb 6.9 % 0.0 % 

 1141 

 1142 

 1143 

 1144 

 1145 

 1146 

 1147 

 1148 

 1149 

 1150 

 1151 

 1152 

 1153 

 1154 

 1155 


