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Abstract

:

Snow particle size distribution (PSD) information is important in understanding the microphysics and quantitative precipitation estimation over complex terrain. Measurement and interpretation of the snow PSDs is a topic of active research. This study investigates snow PSDs during 3 year of observations from Parsivel2 disdrometers and precipitation imaging packages (PIP) at five different sites in the PyeongChang region of South Korea. Variabilities in the values of the density of snow ( ρ ), snowfall rate ( S ), and ice water content (  I W C  ) are studied. To further understand the characteristics of snow PSD at different density and snowfall rate, the snow particle size distribution measurements are divided into six classes based on the density values of snowfall and five classes based on snowfall rates. The mean shape factors (   D m   ,   l o  g  10    N w   , and  μ ) of normalized gamma distribution are also derived based on different density and snowfall rate classes. The    D m    decreases and   l o  g  10    N w    and μ increase as the density increases. The    D m    and   l o  g  10    N w    increase and μ decreases with the increase of snowfall rate. The power-law relationship between  ρ  and    D m    is obtained and the relationship between  S  and   I W C   is also derived.
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1. Introduction


Particle size distribution (PSD) information is related to thermal, microphysical, and dynamic mechanisms of precipitation formation and evolution [1]. Detailed knowledge of PSD is important for microphysical parameterizations in numerical weather prediction (NWP) models [2,3,4]. Additionally, PSD plays an important role in the hydrological cycle, vegetation, and climate, etc. [5]. Numerous studies focus on characteristics of rain PSD worldwide [6,7,8,9,10,11,12,13,14,15,16,17,18,19] and radar quantitative precipitation estimation (QPE) [20,21,22,23]. Similar to rain PSD, understanding snow PSD is of great importance in remote sensing and characterizing the microphysics of snowstorms [24]. The study of snow PSD is a challenging and ongoing research topic and a few papers are available [25,26,27,28,29].



Unlike the density of raindrops, the density of snow is not well defined and depends on various factors such as snowfall types and topography. The complexity of the structure of snow particles makes snowfall estimation more complex than rainfall estimation. There is few size–density relationships mentioned in the previous studies which describe the density of snow [30,31,32]. However, these relationships cannot describe the density of snow events captured in the PyeongChang region, because snow particles vary greatly in different topography and events [26,27,28,30,31,32,33,34,35]. In this study, we use aerodynamic relationships to determine the density of snow, then study the characteristics of snow PSD at different density and liquid water equivalent snowfall rates (S) classes. One of our goals in this study is to use a large dataset of snow PSD measurements collected during a period over three years to explore the relationship between the density of snow ( ρ ) and the volume-weighted mean diameter (   D m   ), which is suitable for the PyeongChang region in South Korea.



Korea Meteorological Administration (KMA) and National Institute for Meteorological Science (NIMS) carried out International Collaborative Experiments for PyeongChang Olympic and Paralympic 2018 (ICE-POP 2018) to improve the understanding of the microphysical characteristics of snowfall and predictability of NWP-based nowcasting over complex terrain [36]. This experiment was aimed at studying the impact of the ocean on the winter precipitation events. A large number of instruments from across the world were deployed during ICE-POP 2018 to capture the characteristics of snow PSD. The instruments included Parsivel2 disdrometer, 2-D video disdrometer (2DVD), precipitation imaging package (PIP), and Multi-Angle Snowflake Camera (MASC). In this study, we mainly use data from Parsivel2 disdrometer and PIP.



This paper presents a comprehensive study of snow PSD using three years (2016–2018) of observations which include observations during ICE-POP 2018 to advance our understanding of snow PSD. A better understanding of snow PSD is important in remote sensing and NWP models. This paper is organized as follows: Section 2 describes the dataset and some basic equations which are used to compute snow PSD parameters. In Section 3, the characteristic of snow PSD for total observations, different density classes, and different snowfall rate classes are studied. The mean normalized intercept parameter    N w   , volume-weighted mean diameter    D m   , shape factor μ at different density classes, and snowfall rate classes are also explored in this section. The power-law relationship between  ρ  and    D m    is obtained and relationship between S and IWC is also detailed in this section. Section 4 summarizes the main findings of this study.




2. Data and Methods


2.1. Instruments and Dataset


In this study, the data was collected by three Parsivel2 disdrometers and two PIPs from 2016 to 2018, which includes the period of ICE-POP campaign. The locations of these instruments are illustrated in Figure 1. The Parsivel2 disdrometers were deployed at YPO site (37°38′36.03″ N, 128°40′13.78″ E), ODO site (37°50′8.16″ N, 128°38′54.48″ E), and DGW site (37°40′38.39″ N, 128°43′07.77″ E), and PIPs were deployed at MHS site (37°39′54.75″ N, 128°41′58.60″ E) and BKC site (37°44′17.36″ N, 128°48′21.05″ E).



The Parsivel2 disdrometer [29,37,38] is a laser-based optical system that produces a horizontal strip of light. The particle size is determined from the reduction of the output voltage when particles pass through the laser beam, and the particle velocity is determined from the duration of the signal. The particle size and velocity are divided into 32 bins varying from 0.062 to 24.5 mm for size and 0.05 to 20.8 m s−1 for velocity. The lowest two size classes (less than 0.312 mm) are eliminated in this study because the signal-to-noise ratio (SNR) is low in these classes.



The Precipitation Imaging Package (PIP) [28,39] is a high-speed camera that records grayscale images of particles at 380 frames per second as they fall over its field of view (64 × 48 mm). These images allow PIP to use this information to extract particle size and velocity. The data quality control for PIP is the same as the Parsivel2 disdrometer: if the diameter was less than 0.312 mm then it was not used in this study.



The Pluvio2 200 gauge is used for automatic measurement of the meteorological intensity and amount of precipitation, which has a 200 cm2 collecting area and a 1500 mm recording capacity. It determines the weight of precipitation every 6 s with a resolution of 0.01 mm. The gauge is equipped with Tretyakov and Alter Shields [40,41] and placed inside a double-fence intercomparison reference (DFIR) to minimize the effect of wind [41,42,43]. It also uses a special filter algorithm to prevent incorrect measurement [44].



There are two years of measurements (2017–2018) at DGW, MHS, and BKC sites, and three years of measurements (2016–2018) at YPO and ODO sites, and the dataset includes data collected during the PyeongChang 2018 Olympics and Paralympic winter games (ICE-POP 2018) campaign. Precipitation cases, where the temperature was equal to or below 0 °C, were regarded as snow events, while cases that had temperature above 0 °C were not taken into consideration. There are in total 19 snow events in 2016, 19 events in 2017, and 30 snow events in 2018. If data was available, we considered all of the events measurements found at these five sites.




2.2. Snow PSD Parameters


A hydrometeor falling at the terminal velocity can be considered to be a particle moving through a fluid which means the equation of motion is determined from the equilibrium of forces acting on the particle, that is, drag, buoyancy, and gravity. This method is widely used either to retrieve the terminal fall velocity or to retrieve the mass of hydrometeors, and the buoyancy force is ignored because it is too small compared with others [32,45,46,47,48,49,50,51,52,53,54,55]. We use aerodynamic relationships to get the density of snow in this study. Ignoring the buoyancy, inertial forces, and pressure gradient, when gravitational force equals the drag force, the hydrometeor falls relative to the air at its terminal fall speed [56]:


   π 4   D 2   1 2   ρ 0   v 2   C D  =  π 6   D 3   ρ s   



(1)




where    ρ 0    is the density of air; v represents the velocity;    C D    is the drag coefficient;  g  is the acceleration of gravity;  D  represents the diameter observed from Parsivel2 disdrometers and PIPs, and it is the equivalent area diameter for PIP and the median volume diameter for Parsivel2 disdrometer. The uncertainty of this method is mostly related to observations of the dimensions because some particles are irregular-shaped and observed from a single projection plane perpendicular to the fall direction [51,52]. After getting the velocity and diameter measured from Parsivel2 disdrometers and PIPs every minute, the density of snow in every class can be obtained using the relationship below:


   ρ s  =   3  ρ 0   v 2   C D    4 g D    



(2)







The volume-weighted mean diameter    D m    is computed from measured PSD, denoted by   N  ( D )    in m−3 mm−1, where  D  is the diameter in mm, defined as:


   D m  =     ∫  0   D  m a x      D 4  N  ( D )  d D     ∫  0   D  m a x      D 3  N  ( D )  d D    



(3)







Snow PSD is defined as the number of particles in a unit volume for each unit diameter bin, expressed as   N  ( D )   .



In this study, we used the normalized gamma distribution to describe variations of snow PSD [57]:


  N  ( D )  =  N w  f  ( μ )     (   D   D m     )   μ  e x p  (  − λ D  )   



(4)




with


  f  ( μ )  =  6   4 4         (  4 + μ  )    μ + 4     Γ  (  μ + 4  )     



(5)




where    D m    is the volume-weighted mean diameter,  μ  is the shape factor,    N w    is the normalized intercept parameter in units of m−3 mm−1 and    N w    defined by:


   N w  =    4 4    ∫  0   D  m a x      D 3  N  ( D )  d D   6  D m 4     



(6)







The parameter  μ  controls the shape of the snow PSD. Estimates of  μ  for measured snow PSD can be determined by minimizing the absolute deviation between the normalized gamma form in Equation (4).



Once the snow PSD and the density of snow are known, few integral physics parameters can be calculated, such as ice water content (  I W C  ), and liquid water equivalent snowfall rate ( S ). They are expressed as follows:


  I W C =  π 6  ×   10   − 3     ∫  0   D  m a x      ρ s     D 3  N  ( D )  d  



(7)






  S = 6 π ×   10   − 4     ∫  0   D  m a x      ρ s     D 3  v  ( D )  N  ( D )  d  



(8)




where   N  ( D )    is in m−3 mm−1;   d D   is in mm;    ρ s    is the density of snow in g cm−3;   v  ( D )    is the terminal fall velocity in m s−1;  D  is the diameter observed from Parsivel2 disdrometers and PIPs measurements;   I W C   is in g m−3;  S  is in mm h−1. After obtaining the density of snow using Equation (2), snowfall rate and liquid water equivalent snow accumulations can be calculated using Equations (7) and (8).



Figure 2 shows a comparison of liquid water equivalent snow accumulations computed using the density determination based on Parsivel2 disdrometer measurements and that were directly measured by Pluvio gauge for 19 March 2018 at YPO site. The meteorological conditions on this date are listed in Table 1. This is a snow case according to these measurements. The accumulations agree well with the Pluvio gauge after calculating density from measured fall speed and diameters, which indicates the accuracy of the method we used for calculating the density of snow.





3. Results and Discussion


3.1. Distribution of Snow Microphysical Parameters


Figure 3 shows the frequency histograms of snow parameters for all the snowfall events calculated from Parsivel2 disdrometers and PIPs. Table 1 shows the statistics of snow parameters: minimum value, median value, mean value, maximum value, standard deviation (STD). From Figure 3 and Table 2, it can be observed that the mean value of  ρ  is 0.146 g cm−3 and snow PSD samples with density of 0.05–0.1 g cm−3 have the highest frequency, about 24%. The density smaller than 0.2 g cm−3 occupies more than 60% and also the frequency of higher density is smaller, which is in agreement with observations of snowfall presented by Tiira et al. [26]. The mean of   l o  g  10   I W C   and   l o  g  10   S   are −0.876 and −0.3549, respectively (mean value of IWC is 0.1330 g m−3 and mean value of S is 0.4417 mm h−1), and it is worth noting that snow PSD samples with ice water content less than 0.1330 g m−3 and snowfall rate less than 0.4417 mm h−1 account for more than half of total snowfall. The standard deviations of   l o  g  10   I W C   and   l o  g  10   S   (0.526 for   l o  g  10   I W C   and 0.741 for   l o  g  10   S  ) are large, indicating a high variability of our dataset.



The authors of [33] showed that the relationship between  S  and   I W C   follows power-law function. Indeed, estimated values from disdrometer data are in good agreement with fitting a power-law relationship in Figure 4, with   l o  g  10   S   increasing almost linearly with   l o  g  10   I W C  , implying that if the IWC is known, the S can be derived. This relationship can be expressed in Equation (9), and the mean difference and correlation coefficient are 0.1149 and 0.9381, respectively. Heymsfield et al. [33] use the relationship between diameter and mass to derive S and IWC and we used Equation (2) to get the density of snow. On the other hand, the S–IWC relationships are different for different pressure levels as indicated in [33], and the relationship proposed in this study is suitable on the ground.


  S = 7.6081 × I W  C  1.2626    



(9)







Figure 5 shows the scatter plots of   l o  g  10    N w    vs.    D m    for all snowfall events. These values are plotted over a wide range, from 0.6 to 6.1 for   l o  g  10    N w    and 0.3 to 19 mm for    D m   , and the majority of points are within the area of    D m    from 0.5 to 6.5 mm and   l o  g  10    N w    from 2.8 to 5.6 for all events.




3.2. Snow PSD Characteristics in Different Densities


To further understand the characteristics of snow PSD at different snow densities, we classified the snow density  ρ  into six classes as follows: 0 <   ρ    ≤ 0.05 g cm−3, 0.05 <  ρ  ≤ 0.1 g cm−3, 0.1 <   ρ    ≤ 0.2 g cm−3, 0.2 <  ρ    ≤ 0.4 g cm−3, 0.4 <    ρ    ≤ 0.6 g cm−3, and   ρ    > 0.6 g cm−3. Figure 6 shows the distribution of    D m    and   l o  g  10    N w    for different density classes and the mean values are also indicated. It can be seen that the    D m    distribution depends on density and low-density particles are generally larger, this is likely because the particles become more condensed as density increases, thus giving a smaller    D m   , which is in agreement with previous studies [26,27,28,30,31,32]. This dependence of    D m    on density is not surprising, and it is discussed in more detail below. Distributions of   l o  g  10    N w    also exhibit dependence of   l o  g  10    N w    on density because    D m    and density are related, dependence of   l o  g  10    N w    on density arises from the dependence on   l o  g  10    N w    on    D m   , which is the same as previous study [26]. As shown in Figure 6,   l o  g  10    N w    increases with density. The mean values of    D m   ,   l o  g  10    N w   , and  μ  for different density classes are listed in Table 3. From Figure 6 and Table 3, low density events have a broader range of snow PSDs, while high density events demonstrate larger snow particle concentrations. It is clear that    D m    decreases with the increasing density, and   l o  g  10    N w    and  μ  increase with the increasing density, and these results are consistent with prior studies [26,27,28]. To study the snow PSD shapes of the total categorized data set, Figure 7 shows mean snow PSDs for different density classes. As the density becomes lower, all particle sizes are more frequent which in turn decreases the slope parameter of snow PSDs, which is consistent with previous study [28]. Additionally, the widths of the snow PSDs become broader and show a long tail towards larger diameters. This is because of the composite of a wide range of snow PSDs.



   D m    depends on density and there are some size–density relationships that describe the density of snow in previous literature [26,28,30,31,32,53,54,55], and these studies use different methods to obtain the relationships. The first method is that data from a disdrometer is combined with observations from other instruments. The second method uses the general hydrodynamic theory to get the density, and we used this method as mentioned before. However, snow particles vary greatly in different topography and snow event types [26,27,28,30,31,32,33,34,35], so the size-density relationships given in the literature cannot describe the density of snow events captured in the PyeongChang region, as seen the green and magenta lines in Figure 8. Unlike the density of raindrops, the density of snow depends on snowfall types and topography. The complexity of snow density makes snowfall estimation more complex than rainfall estimation. The ice water content is also affected by snow density, so developing a relationship suitable for South Korea is important. Table 2 implies that there are likely different relationships as a function of density ranges and there are different snow microphysics for each range. We categorized the density into three ranges: 0 <    ρ    < 0.1 g cm−3, 0.1 <    ρ    ≤ 0.2 g cm−3, and   ρ    > 0.2 g cm−3, and obtained relationships for each range separately. Figure 8 shows the scatter density plot of  ρ  versus    D m    and mean  ρ -   D m    fitting curves for each range. It can be seen that using a piecewise function to describe the relationship between  ρ  and    D m    is more accurate than a relationship in all ranges. We derived a power-law  ρ -   D m    relation using least-squares fitting, which is suitable for the PyeongChang region in South Korea and it can be expressed as:


  ρ = 0.3358  D m  − 1.243      D m    >   1.7   mm  



(10)






   ρ = 0.3774  D m  − 1.386      1.7   mm   <    D m    <   2.7   mm   



(11)






   ρ = 0.462  D m  − 1.879       D m    <   1.7   mm   



(12)







Relationships by Brandes et al. [31] and Huang et al. [32] are plotted in Figure 8 for comparison. The density is on average higher for snow events recorded for the PyeongChang region in South Korea. The density of snowfall varies greatly because of different snowfall habits and topography as mentioned in previous studies [26,27,28,30,31,32,33,34,35].




3.3. Snow PSD Characteristics in Different Snowfall Rate Classes


To have a better understanding of the characteristics of snow PSD at different snowfall rate classes, the snow PSD measurements were divided into five classes: S ≤ 0.2 mm h−1, 0.2 < S ≤ 0.5 mm h−1, 0.5 < S ≤ 1.0 mm h−1, 1.0 < S ≤ 2.0 mm h−1, and S > 2 mm h−1. Mean values of    D m   ,   l o  g  10    N w   , and  μ  for different snow rate classes are listed in Table 4. It is clear that the mean values of    D m   ,   l o  g  10    N w    increase and  μ  decreases with the increasing snowfall rate. Figure 9 shows the mean snow PSDs for five snowfall rate classes. The slope of the snow PSDs decreases, and all particle sizes are more frequent with increase of snowfall rate. Furthermore, snow PSDs become broader and the tail of snow PSD shifts gradually to the larger diameter with the increase of snowfall rate, which is in agreement with previous studies [27,34,35].





4. Conclusions


In this paper, three years of observations of snow PSD from three Parsivel2 disdrometers and two PIPs deployed at five different sites were analyzed to explore the microphysical characteristics of snowfall in the PyeongChang region of South Korea. Based on these observations, the density of snow ( ρ ), the volume-weighted mean diameter (   D m   ), the normalized intercept parameter (  l o  g  10    N w   ), ice water content (  l o  g  10   I W C  ), liquid water equivalent snowfall rates (  l o  g  10   S  ) were derived. Along with these, the mean fitting normalized gamma distributions for different density classes and snowfall rate classes were also derived. The results of this paper provide a good understanding of the microphysical nature of snowfall, which is useful for remote sensing and NWP and gives a potential use in estimates of snow PSD parameters. The main conclusions are as follows:



	1.

	
For all snowfall events, more than half of the snow PSD measurements are characterized by density less than 0.2 g cm−3. The standard deviations of density, ice water content (IWC), and snowfall rate (S) are large which indicates a high variability of particles during the snowfall events. The relationship between snowfall rate and ice water content can be expressed as a power-law function, consistent with the previous study [33]. It implies that if the IWC is known, such as from aircraft measurements, the S can be derived. The pressure level and the way to calculate density can make the relationship different. Additionally, the relationship proposed in this study is suitable for ground observations.




	2.

	
From the results of classified density, the    D m    decreases as the density increases, and   l o  g  10    N w    and μ increase as the density increases, PSDs become narrower as the density increases at the same time, and these results are consistent with prior studies [26,28].    N w    and density are related because    D m    and density are related, so the dependence of    N w    on density is somewhat because of the dependence of    N w    on    D m    [26].




	3.

	
Stratified by snowfall rate, the snow PSDs become broader as the snowfall rate increases, consistent with previous studies [27,34,35]. Meanwhile, the    D m    and   l o  g  10    N w    increase with the increase of snowfall rate and μ decreases with the increase of snowfall rate.




	4.

	
Snow particles vary greatly in different topography and snow events, so the size–density relationships given in the literature might not be suitable for PyeongChang region of South Korea. We used the general hydrodynamic theory in this paper to get the density and the power-law relationship between  ρ  and    D m    for each range and the result is better than previous studies.







The snow PSD measurements at different density classes and snowfall rate classes are represented by normalized gamma distribution and the mean normalized gamma distribution parameters (   N w   ,    D m   , and  μ ) were obtained according to different classes. Although this paper presents an understanding of snowfall microphysical variabilities during these three years, future work focused on various other geographical locations is required to further understand the characteristic of snow PSD.
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Figure 1. The locations of Parsivel2 disdrometers and Precipitation Imaging Package (PIP) used during ICE-POP 2018 in this study. Parsivel2 disdrometers were located at YPO, ODO, and DGW sites, and PIPs were located at MHS and BKC sites. 
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Figure 2. Comparison of liquid water equivalent snow accumulations computed using the density determination based on Parsivel2 disdrometer measurements (Equation (2)) and that were directly measured by Pluvio2 gauge for 19 March 2018 at YPO site. 
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Figure 3. Histograms of snow PSD parameters for total snowfall events: (a) the density of snow,  ρ  (g cm−3); (b) ice water content,    l o  g  10   I W C   (  I W C   in g m−3); (c) liquid water equivalent snowfall rates,   l o  g  10   S   ( S  in mm h−1). 
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Figure 4. Scatter density plot of  S  and   I W C  . The black line is the fitting curve. 
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Figure 5. Scatter density plot of   l o  g  10    N w    versus    D m    for all snowfall events. 
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Figure 6. Histograms of    D m    and   l o  g  10    N w    for different density classes: (a) 0 <    ρ    ≤ 0.05 g cm−3, (b) 0.05 <    ρ    ≤ 0.1 g cm−3, (c) 0.1 <    ρ    ≤ 0.2 g cm−3, (d) 0.2 <    ρ    ≤ 0.4 g cm−3, (e) 0.4 <    ρ    ≤ 0.6 g cm−3, (f)   ρ    > 0.6 g cm−3. 
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Figure 7. Mean snow PSDs for six density classes: 0 <    ρ     ≤ 0.05 g cm−3, 0.05 <    ρ    ≤ 0.1 g cm−3, 0.1 <    ρ    ≤ 0.2 g cm−3, 0.2 <    ρ    ≤ 0.4 g cm−3, 0.4 <    ρ    ≤ 0.6 g cm−3, and   ρ    > 0.6 g cm−3. 
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Figure 8. Scatter density plot for  ρ  (g cm−3) versus    D m    (mm) and mean  ρ -   D m    power-law fitting for different ranges. Black fitting is for   ρ    > 0.2, red fitting is for 0.1 <    ρ    < 0.2, and blue fitting curve is for 0 <   ρ    < 0.1. 
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Figure 9. Mean snow PSDs for six density classes: S ≤ 0.2 mm h−1, 0.2 < S ≤ 0.5 mm h−1, 0.5 < S ≤ 1.0 mm h−1, 1.0 < S ≤ 2.0 mm h−1, and S > 2 mm h−1. 
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Table 1. Meteorological conditions on 19 March 2018. Listed are the times, temperature, humidity, wind speed (here abbreviated as WS), and wind direction (WD).
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	Time
	Temperature (°C)
	Humidity (%)
	WS (m s−1)
	WD (°)





	0600 UTC
	−0.1
	93.0
	12.0
	81.0



	0900UTC
	−1.0
	97.0
	4.6
	100.0



	1200UTC
	−1.1
	97.0
	9.0
	83.0



	1500UTC
	−1.9
	82.0
	10.0
	81.0
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Table 2. Statistics of snow PSD parameters for total snowfall events:  ρ  (g cm−3),   l o  g  10   I W C   (  I W C   in g m−3) and   l o  g  10   S   ( S  in mm h−1)
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	Parameters
	Min
	Median
	Mean
	Max
	STD





	  ρ  
	0.002
	0.146
	0.211
	0.800
	0.179



	   l o  g  10   I W C   
	−2.315
	−0.904
	−0.876
	1.054
	0.526



	   l o  g  10   S   
	−1.999
	−0.3428
	−0.3549
	2.412
	0.741
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Table 3. Mean values of    D m   ,   l o  g  10    N w   , and  μ  for different density classes.
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	Density

(g cm−3)
	No. of Samples
	     D m    ( mm )    
	    l o  g  10    N w     

    (  N w    in    m  − 3    mm  − 1   )    
	   μ   





	0 <   ρ   ≤ 0.05
	7683
	4.4961
	3.1277
	0.6635



	0.05 <   ρ   ≤ 0.1
	16,310
	2.8786
	3.6187
	0.4665



	0.1 <   ρ   ≤ 0.2
	19,594
	2.2275
	3.7387
	0.4884



	0.2 <   ρ   ≤ 0.4
	16,097
	1.7091
	3.8635
	0.9272



	0.4 <   ρ   ≤ 0.6
	6799
	1.2663
	3.9888
	1.9253



	  ρ   > 0.6
	3894
	1.0627
	4.0082
	3.3837
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Table 4. Mean values of    D m   ,   l o  g  10    N w   , and  μ  for different snow rate classes
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	S (mm h−1)
	No. of Samples
	     D m    ( mm )    
	    l o  g  10    N w     

    (  N w    in    m  − 3    mm  − 1   )    
	   μ   





	S ≤ 0.2
	11,192
	1.3051
	3.6499
	2.2676



	0.2 < S ≤ 0.5
	17,458
	1.6050
	3.7050
	1.2885



	0.5 < S ≤ 1.0
	13,734
	1.9254
	3.7684
	0.7877



	1.0 < S ≤ 2.0
	11,307
	2.1615
	3.7661
	0.4709



	S > 2
	16,686
	2.7693
	3.8013
	0.0058
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