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Abstract 34 

 35 

Accurate estimation of snowfall rate during snowstorms is crucial. This estimate 36 

directly impacts the hydrological and atmospheric models. The density of snow plays a 37 

very important role in estimating the snowfall rate. In this paper, the density of snow is 38 

investigated during a huge snowstorm event during the International Collaborative 39 

Experiment held during the PyeongChang 2018 Olympics and Paralympic winter games 40 

(ICE-POP 2018). The density is calculated using the terminal velocities and diameters of 41 

the snow particles measured by a disdrometer. In this study, we not only use radar 42 

reflectivity factor (Z) for snowfall rate (S) estimation, but also use dual-frequency ratio 43 

(DFR). We derive S-Z and S-Z-DFR relations for snowfall estimation during this 44 

snowstorm event after considering the density of snow. The comparisons are performed 45 

between National Aeronautics and Space Administration (NASA) Dual-frequency Dual-46 

polarization Doppler Radar (D3R) and precipitation gauges using these two power-law 47 

relations. The results show that the two relations for snowfall rate estimation agree well 48 

with gauges, but the S-Z-DFR method performs the best, which has a lower normalized 49 

standard error. The error in the snowfall rate estimates decreases as the time scale 50 

becomes large. This shows that the S-Z-DFR algorithm is a promising way for snowfall 51 

quantitative precipitation estimation (QPE) and can be used as a ground validation tool 52 

for Global Precipitation Measurement (GPM) snowfall production evaluations. 53 
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1. Introduction 57 

  Snowstorms can cause serious consequences at higher latitudes, such as significant 58 

injury and financial loss (Cortinas et al. 2004). In addition, snowstorms play an important 59 

role in the hydrological cycle, vegetation, climate, etc. (Waliser et al. 2009). Therefore, 60 

snowstorms are needed to be measured as accurately as possible for improvements of 61 

numerical models and applications of water resources.  62 

There are many instruments which are used for snowfall observations, such as the 63 

PARSIVEL disdrometer, 2-D video disdrometer (2DVD), precipitation imaging package (PIP), 64 

PLUVIO gauges, Multi-Angle Snowflake Camera (MASC), etc. (Battaglia et al. 2010; Huang 65 

et al. 2010; Huang et al. 2015; von Lerber et al. 2017; Zhang et al. 2011). Although these 66 

instruments can provide microphysical information, their volume resolution is small and their 67 

measurements cannot be used for quantitative precipitation estimation (QPE). Radars can 68 

measure larger areas and thus provide more accurate QPE. There have been lots of 69 

snowfall rate estimations based on radar in the past (Bukovcic et al. 2018; Hassan et al. 70 

2017; Huang et al. 2010; Huang et al. 2015; Huang et al. 2019; Souverijns et al. 2015; von 71 

Lerber et al. 2017), and the majority of them use power-law relations between liquid water 72 

equivalent snowfall rate (S) and equivalent radar reflectivity factor (herein Z), 𝑆 = 𝑎𝑍𝑏. Due 73 

to various reasons the prefactor and exponent vary greatly and cause large difference in 74 

snowfall estimation.  75 

After the Global Precipitation Measurement (GPM) was successfully launched at 17: 37 76 
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UTC, February 27th, 2014, which is a joint mission between the National Aeronautics and 77 

Space Administration (NASA) and the Japan Aerospace Exploration Agency (JAXA), dual-78 

frequency precipitation radars (DPR) have emerged as an important tool for precipitation 79 

estimation and microphysical parameters retrieval (Beauchamp et al. 2015; Le et al. 2012; 80 

Le et al. 2014; Liao et al. 2019a, 2019b; Liao et al. 2020). Previous researchers have worked 81 

on studies which focus on scattering properties of snowflakes at different frequencies and 82 

observing them via remote sensing at the same time (Eriksson et al. 2018; Leinonen et al. 83 

2011; Lu et al. 2016; Matrosov et al. 2019; Tyynela et al. 2014). The radar backscattered 84 

signal is related to the particle size of the hydrometeor, when detecting snowfall, it is in the 85 

Mie region at Ka-band but falls in the Rayleigh region at Ku-band at some regions. The use 86 

of DFR (the ratio of reflectivity at Ku-band and Ka-band) to estimate snowfall rate is 87 

considered here to reduce errors. Research using dual-frequency radar for snow 88 

quantitative precipitation estimation (QPE) is rare (Huang et al. 2019). 89 

However, accurate snowfall rate estimation from radar measurements is difficult to 90 

achieve because of large variability of snow particle size distribution (PSD), velocity and 91 

density of snow (𝜌𝑠). Unlike the density of raindrops, the density of snow is not a constant 92 

and depends on many factors, including snowfall types, precipitation stages, and 93 

climatological location. Because of these factors the estimation of S and ice water content 94 

(IWC) gets complex. In the literature, there are size-density relationships from which the 95 

density of snow can be obtained (Brandes et al. 2007; Heymsfield et al. 2004; Huang et al. 96 
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2010). These relationships are derived using various datasets and report only the mean 97 

values. On the other hand, a relationship between diameter and density can’t describe the 98 

density of the snow clearly, because the formations of snow particles vary greatly in different 99 

cases and topography and the mixtures among ice, air and water are extremely different at 100 

different situations, and it means that the density of snow particles vary greatly even they 101 

have the same diameter and using diameter to describe the density of snow isn’t accurate. 102 

So, the density-size relationships may not work for the events captured during the 103 

International Collaborative Experiment held during the PyeongChang 2018 Olympics and 104 

Paralympic winter games (ICE-POP 2018) campaign. Although density of snow could not 105 

be directly measured by disdrometer, this paper uses the terminal velocity and diameter 106 

measured by disdrometer to indirectly get an idea of the density of snow from which S is 107 

estimated.  108 

This paper is organized as follows. Section 2 details the snowfall case and instruments 109 

used in this study. Section 3 describes the density estimation and snowfall estimation 110 

algorithm. We briefly introduce how to estimate the density of snow, reflectivity factor (Z) at 111 

Ku- and Ka- band, and S using the disdrometer measurements and subsequently to derive 112 

their relationships. Section 4 presents the results of case studies. We compare liquid 113 

equivalent accumulations retrieved for Z-based relation and Z-DFR-based relation with liquid 114 

equivalent accumulations measured by gauges at different timescales. Section 5 115 

summarizes the main results of this paper. 116 
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2. Data and instruments 117 

The 23rd Olympic Winter and the 13th Paralympic Winter Games were held in 118 

PyeongChang, South Korea from February 9th -25th and March 9th -18th, respectively, 2018. 119 

In order to provide weather information for the management of the games and the safety of 120 

the public, Korea Meteorological Administration (KMA) and National Institute for 121 

Meteorological Science (NIMS) carried out International Collaborative Experiments for 122 

Pyeongchang Olympic & Paralympic 2018 (ICE-POP 2018) to improve our understanding 123 

on snowfalls and the predictability of nowcasting over complex terrain. As shown in the 124 

Figure 1, the western part of PyeongChang Olympic region is characterized by a continental 125 

climate due to its location on the eastern alpine region. Continental climates have a 126 

significant annual variation in temperature. And the eastern part of the PyeongChang 127 

Olympic region is located on the east coast of the South Korean peninsula. This location 128 

gives it an oceanic climate at the same time, which means it has a relatively narrow annual 129 

temperature range. 130 

Dense instruments were deployed during ICE-POP 2018, such as X-band Doppler dual-131 

polarization radar, W-band Doppler cloud profiler, multi-angle snowflake camera, etc. 132 

(Gehring et al. 2020). In this paper, we mainly use the data collected by disdrometers, 133 

precipitation gauges and Dual-frequency Dual-polarized Doppler Radar (D3R) which 134 

operates at Ku and Ka frequency bands. Data from the disdrometers deployed in YongPyong 135 

Cloud Physics Observatory (YPO) (37°38’36.03 N, 128°40’13.78 E), Cloud Physics 136 
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Observatory (CPO) (37°41’13.03 N, 128°45’31.09 E) and DaeGwallyeong regional weather 137 

office (DGW) (37°40’38.39 N, 128°43’07.77 E) are considered in this study. There are 138 

precipitation gauges located in these sites as well. The YPO site is located around 6.5 km 139 

in range and 226 degrees in azimuth with respect to DGW site. The CPO site is located at 140 

a distance of 2 km in range and 75 degrees in azimuth with respect to DGW site. The heights 141 

between radar beam and ground observation at YPO, CPO and DGW are 0.55 km, 0.17 km 142 

and 0.15 km, respectively, so the heights differences between radar beam and surface 143 

observation are small. And the event we studied was a stratiform precipitation as shown in 144 

Figure 2, so this difference is negligible Figure 1 shows the locations of these instruments 145 

with respect to D3R radar coverage, and D3R radar was deployed at the DGW site at the 146 

same time.  147 

The precipitation gauges had a double fence intercomparison reference (DFIR) to reduce 148 

the influence of the wind, and provided accumulation values at regular intervals (10 minutes). 149 

The OTT parsivel2 is a second-generation laser-optical disdrometer developed by OTT in 150 

Germany, which has a 30 mm width and a 180 mm length and provides a 54 cm2 sampling 151 

area. It can determine particle size and falling velocity by measuring the reduction of output 152 

voltage and the duration of the signal. Then the particle size and velocity are 32 bins each 153 

for particle size and velocity every 60 seconds, with a size range from 0.062 mm to 24.5 mm 154 

and a velocity range from 0.05 m s-1 to 20.8 m s-1. To minimize the uncertainty of 155 

measurements, the first two bins are ignored in this paper, therefore the minimum of particle 156 
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size and velocity are 0.312 mm and 0.25 m s-1, respectively. The total particle number every 157 

60 seconds less than 10 are removed to get rid of noise.  158 

The NASA D3R was designed for GPM ground validation and developed as a joint 159 

collaboration between NASA Goddard Space Flight Center, Colorado State University and 160 

Remote Sensing Solutions. The dataset used in the study were provided by NASA Global 161 

Hydrology Resource Center DAAC (Chandrasekar et al. 2018). It provides polarimetric and 162 

Doppler measurements at 35.5 GHz (Ka-band) and 13.9 GHz (Ku-band). The operational 163 

range resolution of D3R is 150 m and the maximum detectable range is 40 km. The minimum 164 

detectable signal of D3R is -10 dBZ at a distance of 15 km, so it is more sensitive towards 165 

light rain and snowfall compared with S- and C-band radars. The radar collected data during 166 

ICE-POP 2018, which helped us understand winter precipitation in the continental and 167 

oceanic regions. In this paper, Z at Ku-band and DFR are used for radar snowfall QPE study 168 

and then comparisons with precipitation gauge observations are analyzed. The most intense 169 

case during ICE-POP 2018 was on February 28th, 2018. During this event the changes in 170 

precipitation phases varied from rain and then to snow. We focus on snow QPE, so the data 171 

from 08:00 UTC to 16:00 UTC were used for comparisons between radar and gauges. 172 

Figure 2 shows D3R Ku-band and Ka-band observations of Z and DFR at an elevation angle 173 

of 4.8° at 08:00 UTC, February 28th, 2018.  174 

3. Snowfall estimation algorithm 175 

3.1 Estimation of density 176 
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The density of snow plays a major role in the estimation of snowfall rate (S), ice water 177 

content (IWC), and linking microphysical parameters to polarimetric radar measurement. 178 

Unlike the density of raindrops, the density of snow is not a constant and depends on many 179 

factors, including snowfall types and stages, as well as climatological location. Because of 180 

this the estimation of snowfall rate gets complex. The conventional method is to use a power-181 

law relation between the density and the size (Brandes et al. 2007; Heymsfield et al. 2004; 182 

Huang et al. 2010), and they are given in Table 1. Heymsfield et al. (2004) used in situ 183 

aircraft measurements, the equation from Brandes et al. (2007) is based on 2DVD and snow 184 

gauge data from Colorado, USA and Huang et al. (2010) used 2DVD and radar 185 

measurements to derive these equations. These relationships are all statistical relations and 186 

are derived using various datasets and report only the mean values. However, these 187 

relationships may not describe the events captured during ICE-POP 2018 well, because the 188 

PyeongChang Olympic region has a coastal climate and there are lots of water vapor coming 189 

from the ocean to affect the formation of the snowflakes. And the temperature is -0.4℃ and 190 

humidity is 97% at radar site at 12:00 UTC, February 28th, 2018. So, the density of snow at 191 

this oceanic climates are larger compared with continental climate. Although density of snow 192 

could not be directly measured by disdrometer, this paper uses the terminal velocity and 193 

diameter measured by the disdrometer to indirectly get an idea of the density of snow from 194 

which S is estimated. 195 

Ignoring the buoyancy, pressure gradient, and inertial forces, when gravitational force 196 
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equals the drag force, the hydrometeor falls relative to the air at its terminal fall speed 197 

(Rogers and Yau 1989). The density can be approximated using velocity and diameter, this 198 

can be obtained by using the disdrometer measurements and the equation below.  199 

                                  𝜌𝑠 =
3𝜌𝑣2𝐶𝐷

4𝑔𝐷
                                  (1) 200 

where ρ is the density of air, v and D represent the velocity and median volume diameter 201 

measured by disdrometer respectively, 𝐶𝐷 is the drag coefficient, g is the acceleration of 202 

gravity. After getting the velocity and diameter measured from 32 bins of parsivel every 203 

minute, the density of snow in every bin can be obtained according to Eq. (1). 204 

Figure 3 shows the plot of diameter versus velocity for disdrometer data taken on February 205 

28th, 2018 at YPO, CPO and DGW sites. It can be seen from the figure that the empirical 206 

terminal velocity of snow (red line) from Brandes et al. (2007) does not fit well for the 207 

disdrometer measurements. Most of the measured velocities of the snow particles during 208 

this event are larger than the velocities using the Brandes’ density relation.  209 

Figure 4 shows the plot of diameter versus density derived using disdrometer data from 210 

Eq. (1). The empirical 𝜌𝑠- D relations from Table 1 are also plotted with solid lines of different 211 

colors. None of the empirical equations describe the density of snow particles during this 212 

event well. It can be seen from these figures that density retrieval is a challenge.  213 

In order to demonstrate that the method used here to compute the density of snow 214 

particles is more accurate than using empirical 𝜌𝑠- D relations from Table 1, we use the 215 

computed density determined by the disdrometer and empirical equations to calculate 216 
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snowfall rate. We then use these results to obtain the accumulations during this event and 217 

compare them with precipitation gauge. Figure 5 shows the results of accumulation using 218 

three 𝜌𝑠 -D relations and gauge. The accumulation agrees well with the gauge after 219 

calculating density from measured fall speed and diameters. Using relations from Brandes 220 

et al. (2007) overestimates accumulation and using relations from Heymsfield et al. (2004) 221 

and Huang et al. (2010) underestimates accumulations. This shows that if we use the 222 

relationships from literatures to derive the density of snow and then derive snowfall rate, it 223 

may result in errors. 224 

3.2 Snowfall rate estimation  225 

After determining the density of snow, the reflectivity factor at Ka- and Ku-band can be 226 

calculated from snow particle size distribution as 227 

𝑍ℎ =
𝜆4

𝜋5|𝐾𝑤|2 ∫ 𝜎ℎ(𝐷)𝑁(𝐷)𝑑𝐷      (2) 228 

where λ is the wavelength of radar, 𝐾𝑤 is the dielectric factor of water, 𝜎ℎ is the radar cross 229 

section, which is calculated using scattering model. For ice particles, the scattering 230 

simulation is difficult because of their irregular shapes. Although discrete dipole 231 

approximation (DDA) can be used to simulate their scattering (Draine et al. 1994; Yurkin et 232 

al. 2011), it is time consuming and we need to construct their shapes. In radar meteorology, 233 

T-matrix method is commonly used but we need to simplify the snow particle to a spheroid. 234 

Garrett et. al. (2015) found that the axis ratio of snow particles is between 0.6 and 0.7 by 235 

analyzing the observations from multiple angle snow camera. We regard the axis ratio of 236 
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snow particle with 0.7 and Gaussian canting angle distribution with a mean of zero and a 237 

45° standard deviation. As for the refractive index of ice, we utilize the tables of Warren and 238 

Brandt (2008) at a temperature of 266K, and they are 1.7861+3.116∗10-4∗i, 239 

1.7861+7.987∗10-4∗i for Ku- and Ka-band, respectively. Then we use Maxwell-Garnet 240 

mixture formula and the refractive index of ice to get the dielectric factor of snow in this paper.  241 

The liquid water equivalent snowfall rate (S) in mm h-1 for a 1-min time interval is defined 242 

using the equation below. 243 

𝑆 = 6𝜋 ∗ 10−4 ∫ 𝜌𝑠 𝐷3𝑣(𝐷) 𝑁(𝐷)𝑑𝐷   (3) 244 

In this equation, 𝜌𝑠 is the density of snow in g cm-3, which is calculated using velocities and 245 

diameters measured by disdrometer in Eq. (1). 𝑁(𝐷)  is measured snow particle size 246 

distribution (mm-1m-3), and D and v(D) are measured diameter (mm) and velocity (m s-1). 247 

Once Z and S are obtained, we can fit power-law relation with the form 𝑆 = 𝑎𝑍𝑏 by using 248 

weighted total least square (WTLS) and 𝑆 = 𝑐𝑍𝑑𝐷𝐹𝑅𝑒  by using nonlinear least squares 249 

fitting (NLSF), and we use the Z at Ku-band here. Note that the units of Z and S are mm6 m-250 

3 and mm h-1 respectively. The coefficients and exponents of two different relations are given 251 

in Table 2 and Table 3. In order to evaluate their errors, the mean difference (MD), 252 

normalized standard error (NSE) and correlation coefficient (CORR) are calculated, which 253 

are defined as 254 

 𝑀𝐷 =
1

𝑁
∑ (𝑅𝑛 − 𝐺𝑛)𝑁

𝑛=1          (4) 255 

𝑁𝑆𝐸 =
1

𝑁
∑ |𝑅𝑛−𝐺𝑛|𝑁

𝑛=1

1

𝑁
∑ 𝐺𝑛

𝑁
𝑛=1

*100%     (5) 256 
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 𝐶𝑂𝑅𝑅 =
∑ (𝑅𝑛−�̅�)𝑁

𝑛=1 (𝐺𝑛−�̅�)

√∑ (𝑅𝑛−�̅�)2𝑁
𝑛=1 √∑ (𝐺𝑛−�̅�)2𝑁

𝑛=1

      (6) 257 

where 𝑅𝑛  and 𝐺𝑛  denote S from power-law and disdrometer-derived S, N is the total 258 

number of samples, NSE is in percent, CORR is dimensionless, MD is in mm h-1 here, and 259 

MD is in millimeters when we compare radar snowfall estimation with gauges in the next 260 

section. 261 

Figure 6 shows the scatterplot of disdrometer-derived Z and S. The S-Z power-law fitting 262 

is overlaid on the scatterplot. The fitting uses the weighted total least squares (WTLS), and 263 

its NSD is 20.10%. The scatterplots of snowfall rates from the relationships (S-Z and S-Z-264 

DFR) computed using disdrometer and directly estimated by disdrometer are displayed in 265 

Fig. 7. From the figure we can see a very good match between the S estimated from the 266 

relationships and the S from disdrometer. It is obvious from Fig. 7, Table 2 and Table 3 that 267 

the S (Z, DFR) performs well, because it has a lower NSE of 12.12% compared with the S 268 

(Z) method. 269 

4. Results and discussion  270 

In order to evaluate the performance of the two algorithms for snow QPE estimation, we 271 

have made comparisons between radar estimations and observations of precipitation 272 

gauges. The gauges measure accumulation with a resolution of 0.01 mm and represent 273 

point measurements. For radar, it measures instantaneous snowfall rate and observes a 274 

large area, and its measurements are averaged for each resolution volume. The elevation 275 

of D3R radar scans were 4.8° and the time resolution is 5 minutes. The disdrometers and 276 
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gauges are not far from the radar, so we choose the radar measurements at the location of 277 

gauges for the comparison at YPO and CPO site in this paper. As for DGW site, the gauge 278 

is together with D3R radar, so we average the reflectivity factor over all azimuthal beams at 279 

600 m range in PPI scan. The accumulation for the YPO and CPO sites from D3R data are 280 

obtained by first selecting the range and azimuth corresponding to the location of the gauge 281 

site. Then the S is computed for that particular range resolution bin and finally the 282 

accumulation is computed for the required time interval. 283 

For snowfall measurements, snow particles tend to have a slower falling velocity and 284 

smaller accumulation every minute compared with rainfall, so we compute the 285 

accumulations in a 10-min resolution window to decrease the instability of measurements, 286 

which means we added S every two scans to derive S every 10 minutes. In order to analyze 287 

the temporal resolution effect on the accuracy of snowfall measurements, we aggregate the 288 

snowfall measurements to 20- and 30- min scale. In this paper, we use the measurements 289 

of gauges as baselines for comparison with radar estimates using S-Z and S-Z-DFR 290 

algorithm. Figure 8 shows the plots of the 10-min, 20-min and 30-min snowfall 291 

measurements using two algorithms from D3R radar data and gauge for the case of 292 

February 28th, 2018. From the figure it can be seen that the accumulation obtained using 293 

the relationships match well with the gauge accumulation. Figures 9 and 10 show the 294 

comparisons of accumulation obtained from D3R radar data and gauge at the location of 295 

CPO and DGW, respectively. The results at these locations also show a good match 296 
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between the estimated and gauge accumulation. 297 

Next, we compute the statistics for the estimated accumulation. Tables 4 show the results 298 

of MD, NSE and CORR using S-Z and S-Z-DFR estimation at YPO, CPO and DGW sites 299 

with respect to the gauge accumulation. It is obvious that the radar estimations using two 300 

algorithms agree with the observations from the gauges very well. It can also be seen that 301 

NSE decreases greatly as the snowfall accumulation scale time is increases from 10 to 30 302 

min. Also, most NSE of S-Z estimation is larger than that of S-Z-DFR estimation. Going from 303 

10 min to 30 min accumulation, at YPO site, NSE is reduced from 31.71% to 11.86% using 304 

S-Z estimation, and from 30.26% to 13.38% using S-Z-DFR estimation. At CPO site, NSE 305 

is reduced from 32.74% to 19.41% using S-Z estimation, and from 31.50% to 18.41% using 306 

S-Z-DFR estimation. Finally, at DGW site, NSE is reduced from 27.90% to 21.83% using S-307 

Z estimation, and from 28.45% to 21.31% using S-Z-DFR estimation. From these results we 308 

can infer that the results of using S-Z-DFR estimation have a smaller NSE and higher CORR 309 

compared with S-Z estimation.  310 

5. Summary 311 

Previous studies have developed S-Z relationships for snowfall estimation using 312 

disdrometers and radars. However, it is not common to use DFR to retrieve snowfall rate 313 

and evaluate the products. The main goal of this paper is to develop methods for snow 314 

estimation using D3R radar in coastal area and evaluate their snowfall accumulation 315 

performance at different time scale. The case study chosen is from a strong snow event on 316 
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28
th February, 2018 during ICE-POP 2018 campaign in South Korea. We have considered 317 

Parsivel disdrometers at three different sites (YPO, CPO and DGW) to derive the 318 

relationships of S-Z and S-Z-DFR methods which are then used to retrieve the snowfall rate.  319 

One reason that snowfall is hard to estimate is diversity of the density of snow. And in 320 

prior works, power-law relationships between density and diameter are used to obtain the 321 

density of snow, but they are not enough well to describe the density of snow because of 322 

different snow types and climatological locations. In this paper, we use velocity and diameter 323 

measured by the disdrometer to derive the density of snow directly, it is shown that using 324 

this way to obtain the density of snow is more accurate than using conventional relationships. 325 

We then use the obtained density of snow to derive liquid water equivalent snowfall rate and 326 

equivalent radar reflectivity factor. The radar reflectivity factor is computed using T-matrix 327 

method at Ku- and Ka-band, which assume the axis ratio of snow is 0.7. Two relationships 328 

(S-Z and S-Z-DFR) to retrieve the snowfall rate is then determined, which is based on 329 

weighted total least square (WTLS) and nonlinear least squares fitting (NLSF), respectively. 330 

We use these two relations to estimate the snowfall rate. The NASA D3R radar data during 331 

ICE-POP 2018 are analyzed for retrieving the snowfall estimation products. The estimated 332 

products are then compared with the ground measurements from gauges. The results show 333 

that the radar snowfall estimation agree well with ground observations at the three different 334 

sites. S-Z-DFR algorithm performs better compared with S-Z algorithm as it has a lower NSE 335 

and a higher CORR. NSE decreases and CORR increase greatly as the snowfall 336 
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accumulation scale time increases from 10 to 30 min. For instance, at YPO site, NSE of S-337 

Z algorithm are 31.71%, 19.01% and 11.86% for 10-, 20-, 30-min snowfall accumulation 338 

respectively, and they are 30.26%, 18.45% and 13.38% for S-Z-DFR algorithm respectively. 339 

And at CPO site, NSE of S-Z algorithm are 32.74%, 22.45% and 19.41% for 10-, 20-, 30-340 

min snowfall accumulation respectively, and they are 31.5%, 20.29% and 18.41% for S-Z-341 

DFR algorithm respectively. As for DGW site, NSE of S-Z algorithm are 27.90%, 24.26% 342 

and 21.83% for 10-, 20-, 30-min snowfall accumulation respectively, and they are 28.45%, 343 

24.41% and 21.31% for S-Z-DFR algorithm respectively. 344 

Two snowfall rate estimation algorithms developed here could be applied to estimate 345 

snowfall in similar coastal area. This is because they have similar environmental conditions 346 

such as the influence of the ocean and large density of snow are compared to inland regions. 347 

And these two algorithms indicate that using DFR to retrieve snowfall is a promising way 348 

and can be used as a ground validation tool for Global Precipitation Measurement (GPM) 349 

snowfall production evaluations. However, more snow data should be collected and 350 

analyzed further. 351 
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(a) (b) (c) 

Fig. 2 D3R radar observations at Ku- and Ka-band from PPI scans for 4.8° elevation at 485 

08:00UTC, February 28th, 2018. (a) Z at Ka-band, (b) Z at Ku-band, (c) DFR.  486 
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Fig. 3 Plot of diameter versus velocity for data measured on February 28th, 2018. The red 489 

line is empirical terminal velocity of snow from Brandes et al. (2007). 490 
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 494 

Fig. 4 Plot of diameter versus density derived from disdrometer measurements. The solid 495 

lines indicate the three 𝜌𝑠  - D relations from literature. Red line is from Huang et al. 496 

(2010). Blue line comes from Heymsfield et al. (2004). Green line stems from Brandes et 497 

al. (2007).  498 
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Fig. 5 Comparison of accumulations at YPO site using 𝜌𝑠- D relations and gauge on 502 

February 28th, 2018. 503 
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Fig. 6 Scatterplot of Z vs. S derived from disdrometer together with S-Z power-law fitting.  509 
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 512 

Fig. 7 Scatterplots of S(disdrometer) vs S(Z) (green dots), and S(disdrometer) vs S (Z, 513 

DFR) (blue dots). 514 
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Fig. 8 Snowfall estimation using S-Z and S-Z-DFR algorithm from D3R radar and gauge at 519 

YPO site on February 28th, 2018 when the timescale is, (a)10-min, (b) 20-min, (c) 30-520 

min. 521 
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Fig. 9 Snowfall estimation using S-Z and S-Z-DFR algorithm from D3R radar and gauge at 525 

CPO site on February 28th, 2018 when the timescale is, (a)10-min, (b) 20-min, (c) 30-526 

min.  527 
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Fig. 10 Snowfall estimation using S-Z and S-Z-DFR algorithm from D3R radar and gauge 531 

at DGW site on February 28th, 2018 when the timescale is, (a)10-min, (b) 20-min, (c) 30-532 

min. 533 
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Table 1 The three ρs-D relations commonly used to derive S. 549 

 550 

Study Relationship (D in mm, 𝜌𝑠 in g cm-3) 

Heymsfield et al. (2004) 𝜌𝑠 = 0.104𝐷−0.95 

Brandes et al. (2007) 𝜌𝑠 = 0.178𝐷−0.922 

Huang et al. (2010) 𝜌𝑠 = 0.115𝐷−1.188 

 551 

Table 2 Coefficients and exponents of the S(Z) relation, 𝑆 = 𝑎𝑍𝑏, where S in mm h-1 and Z 552 

in mm6 m-3. 553 

 554 

 a b MD (mm h-1) NSE (%) CORR 

S 0.0921 0.5809 0.0822 20.10 0.9353 

 555 

Table 3 Coefficients and exponents of the S (Z, DFR) relation, 𝑆 = 𝑐𝑍𝑑𝐷𝐹𝑅𝑒, where S in 556 

mm h-1, Z in mm6 m-3 and DFR in mm6 m-3. 557 

 c d e MD (mm h-1) NSE (%) CORR 

S 0.0929 0.7032 -0.3700 0.0704 12.12% 0.9765 
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Table 4 Statistics of results at (a) YPO site, (b) CPO site and (c) DGW site. 561 
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Time scale Algorithm MD NSE (%) CORR 

10-min S-Z 0.0132 31.71 0.6190 

S-Z-DFR 0.0177 30.26 0.6610 

20-min S-Z 0.0287 19.01 0.8151 

S-Z-DFR 0.0382 18.45 0.8150 

30-min S-Z 0.0338 11.86 0.9164 

S-Z-DFR 0.0496 13.38 0.8927 

(b) 563 

Time scale Algorithm MD NSE (%) CORR 

10-min S-Z -0.0250 32.74 0.4557 

S-Z-DFR -0.0153 31.50 0.5701 

20-min S-Z -0.0567 22.45 0.6287 

S-Z-DFR -0.0392 20.29 0.7602 

30-min S-Z -0.0959 19.41 0.6690 

S-Z-DFR -0.0714 18.41 0.8246 

(c) 564 

Time scale Algorithm MD NSE (%) CORR 

10-min S-Z 0.0221 27.90 0.5167 
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20-min S-Z 0.0386 24.26 0.5693 

S-Z-DFR 0.0790 24.41 0.6917 

30-min S-Z 0.0482 21.83 0.5930 
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