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Abstract: Raindrop size distributions (DSDs) are the microphysical characteristics of raindrop spectra.
Rainfall characterization is important to: (1) provide information on extreme rate, thus, it has an
impact on rainfall related hazard; (2) provide data for indirect observation, model and forecast;
(3) calibrate and validate the parameters in radar reflectivity-rainfall intensity (Z-R) relationships
(quantitative estimate precipitation, QPE) and the mechanism of precipitation erosivity. In this study,
the one-year datasets of raindrop spectra were measured by an OTT Parsivel-2 Disdrometer placed
in Yulin, Shaanxi Province, China. At the same time, four TE525MM Gauges were also used in the
same location to check the disdrometer-measured rainfall data. The theoretical formula of raindrop
kinetic energy-rainfall intensity (KE-R) relationships was derived based on the DSDs to characterize
the impact of precipitation characteristics and environmental conditions on KE-R relationships in
semi-arid areas. In addition, seasonal rainfall intensity curves observed by the disdrometer of the area
with application to erosion were characterized and estimated. The results showed that after quality
control (QC), the frequencies of raindrop spectra data in different seasons varied, and rainfalls with R
within 0.5–5 mm/h accounted for the largest proportion of rainfalls in each season. The parameters
in Z-R relationships (Z = aRb) were different for rainfall events of different seasons (a varies from
78.3–119.0, and b from 1.8–2.1), and the calculated KE-R relationships satisfied the form of power
function KE = ARm, in which A and m are parameters derived from rainfall shape factor µ. The
sensitivity analysis of parameter A with µ demonstrated the applicability of the KE-R formula to
different precipitation processes in the Yulin area.
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1. Introduction

Characteristics of precipitation show the impact of meteorological conditions [1], and the
measurement of quantitative distribution of precipitation is important for studying the mechanism
of global climate and environmental change [2]. Raindrop size distributions (DSDs) show the
microphysical properties of a rainfall event and vary with precipitation both in time and space. The
DSDs are of importance to enhance the accuracy of quantitative precipitation estimation (QPE) by
weather radar, and raindrop spectra have been used to calculate radar reflectivity factors in many
studies [3–6]. Thus, investigating the raindrop spectra is essential for providing information on the
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microphysical characteristics of different precipitation types, and improving the parameterizations of
different rainfall processes.

Raindrop spectra can be measured by many methods, e.g., as done by Das et al., Waldvogel et al.,
Schönhuber et al. and Liu et al. [3,7–9], and these different methods vary in measurement principles
and precision of data. In recent years, the raindrop disdrometer has been widely used to measure
raindrop spectra because of its high measurement accuracy and small-time interval for data acquisition.
Liu et al. [9] measured the precipitation in Nanjing, China and compared four different methods of
rainfall to conclude that the disdrometer and other methods are consistent within the range of medium
particle size. However, Zhang et al. [10] used three different methods to analyze the DSD characteristics
in Zhuhai, China and found that the disdrometer had limitations in measuring small raindrops when
compared to other methods. Raupach et al. [11] used a 2DVD device to correct the DSDs measured by
three disdrometers and the correction showed its general applicability under different climate types.
However, the study on the seasonal variation of rainfall characteristics in semi-arid areas of China
using a raindrop disdrometer is very limited.

The measured raindrop spectra can be used to calibrate and validate the parameters in radar
reflectivity-rainfall intensity (Z-R) relationships (quantitative estimate precipitation, QPE). Variability
of DSDs in different forms of precipitation impact the radar reflectivity-rainfall intensity relationships
(Z-R relationships, normally in the form of power function Z = aRb, in which a and b are parameters
derived from data fitting) [12,13], and the quantitative estimation of rainfall intensity (R) by Z-R
relationships can be further modified. Sulochana et al. [14] investigated the Z-R relationships over
a tropical station and concluded that the prefactor of Z-R relationships is larger for stratiform rain
than for convective rain, which was in agreement with the results reported from two other tropical
stations. Sulochana et al. also found that there were large variations in Z-R relationships in different
seasons. Das et al. [3] analyzed the impact of different precipitation types on Z-R relationships in
a hill station with a pronounced monsoon climate, and the results showed that the Z values of the
shallow-convective system are the lowest, compared to other precipitation types. Das et al. concluded
that the coefficient a is larger for stratiform rain than for convective and shallow-convective rain.
However, there remains very limited research on using disdrometers to investigate raindrop spectra in
semi-arid areas [15], and further research on the parameters in Z-R relationships is needed.

In addition, the measured raindrop spectra can be used to explore the mechanism of precipitation
erosivity. The relationship between rainfall kinetic energy (KE) and intensity (R) is a significant
approach to study the impact of precipitation on soil erosion [16], and a disdrometer can be deployed
to measure the rainfall kinetic energy and intensity [17]. Angulo-Martínez et al. [18] measured and
analyzed the uncertainty in KE-R relationships with five Parsivel disdrometers among three locations,
and found that the types, accuracy and location of the disdrometers and precipitation types influence
the estimation results of KE. Overestimation of the midsize raindrops led to a high estimation result
of KE. Moreover, Carollo et al. [19] concluded that KE/R depends on the median volume diameter
of precipitation events strictly, and this relationship does not rely on the locations of disdrometers.
There have also been studies investigating the KE-R relationships in arid and semi-arid areas, e.g.,
Meshesha et al. and Abd Elbasit et al. [20,21], and many KE-R relationships were derived with this
approach [22]. Nevertheless, many of the relationships vary greatly because of the different climate
conditions, and a general formula for KE-R relationships needs to be derived to be suitably utilized in
arid and semi-arid areas.

Yulin (in the northern region of Shaanxi Province, China) has a semi-arid climate, and the
precipitation in this area is not evenly distributed throughout different seasons of the year [23]. The
analysis of DSDs in different seasons is helpful to understand the variability of precipitation in this
semi-arid area. The objectives of this paper are: (1) to analyze the detailed statistical data of DSDs based
on the observation of a raindrop disdrometer located in Yulin, and collect data on the variability of
microphysical characteristics of precipitation in different seasons; (2) to investigate the Z-R relationships
in different seasons, and analyze the variability of the parameters in the Z-R relationships across
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different precipitation types; (3) to derive a theoretical formula for KE-R relationships and further
analyze the calculated results.

The following sections are organized below. Section 2 describes the research method, the datasets
of the research area, and the derivation processes of theoretical formula. Section 3 analyzes the observed
results statistically and presents the comparison of different precipitation periods in different seasons.
Section 4 presents a further discussion of the comparison of disdrometer- and gauges-measured rainfall
data, the comparison of different Z-R relationships and the theoretical formula of KE-R relationships
through sensitivity analysis. Section 5 gives the conclusion.

2. Materials and Methods

2.1. Observation Station and Disdrometer Datasets

Microphysical characteristics of different precipitation types were measured at Yulin
Ecohydrological Station (109◦28′2.7′′E, 38◦26′43.6′′N, 1236 m above sea level (a.s.l.), located in
Mu Us Sandy Land) in Shaanxi Province, China. Mu Us Sandy Land has a semi-arid climate type with
a low amount of precipitation [24]. The average annual precipitation in this area is 413 mm (from the
year 1951 to 2018, measured by Yulin Meteorological Station (109◦28′12′′E, 38◦9′36′′N, 936 m a.s.l.)).

Figure 1a shows the location of Yulin Ecohydrological Station and Yulin Meteorological Station.
One OTT Parsivel-2 Disdrometer was placed in Yulin Ecohydrological Station, and continuously
recorded data during a 1-year period between 10 August 2018 and 10 August 2019. There are also four
TE525MM rainfall gauges placed at the same location (shown in Figure 1b), and the specific placement
of the disdrometer and the four gauges is proposed by Xie et al. [25], providing a reference for the
measurement data by the disdrometer. Data were recorded every 30 min during the researching period,
with the four gauges recording data simultaneously and individually. The disdrometer conducted a
54 cm2 laser beam to record the rainfall spectrum every 1 min. The record of the disdrometer includes
two parts: raindrop diameters (D) and raindrop terminal velocity (v). When precipitation particles
pass the laser beam of the sensor, the beam is blocked off by the particles equal to the diameters, and
the output voltage will be reduced. If there is no particle passing through, the voltage will then be
recorded as maximum. The duration of the reducing signal will be used to determine the terminal
speed of a particle. Through the observation by the disdrometer, radar reflectivity (Z), rainfall intensity
(R) and kinetic energy (KE) are derived from D and v. Figure 2 summarizes how the materials and
methods and results are managed via a schematic.

2.2. Processing Microphysical Datasets from Disdrometer

In order to process the calculation of the characteristic variables of precipitation, the formulas are
derived as follows:

N(Di) =
32∑

j=1

ni j

V j·∆Di
=

32∑
j=1

ni j

A·∆t·v j·∆Di
(1)

where N(Di) (mm−1
·m−3) is the number concentration of raindrops per unit diameter interval for

raindrops per unit volume with the diameter equal to Di (the ith-bin of diameters of the spectra);
A = 5.4 × 10−4 m2 is the sampling area scanned by the laser beam; ∆t = 60 s is the sampling time
interval; v j is the raindrop terminal velocity of the jth-bin of velocities of the spectra; ∆Di is the class
spread of the ith-bin of diameters of the spectra.
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Figure 1. (a) The location of Yulin Ecohydrological Station (green point) and the location of Yulin 126 
Meteorological Station (blue point) and the DEM (Digital Elevation Model) characteristics around the 127 

Figure 1. (a) The location of Yulin Ecohydrological Station (green point) and the location of Yulin
Meteorological Station (blue point) and the DEM (Digital Elevation Model) characteristics around the
sites. The red rectangle in the China map highlights the location of Mu Us Sandy Land; (b) the OTT
Parsivel-2 disdrometer and the surrounding 4 TE525MM rain gauges in Yulin Ecohydrological Station;
(c) vegetation cover situation in Yulin Ecohydrological Station.
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Figure 2. Schematic of the research technical route in this study.

The nth-moment of the DSD can be calculated as:

Mn =

∫
∞

0
DnN(D)dD (2)

Moreover the 6th-moment of the DSD is equal to the radar reflectivity Z (mm6
·m−3):

Z = M6 =

∫
∞

0
D6N(D)dD =

32∑
i=3

D6
i N(Di)∆Di (3)
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where the 1st-bin and the 2nd-bin of diameters are not evaluated in the measurements of the OTT
Parsivel-2 because these two bins are out of the measurement range of the disdrometer, thus i starts
from 3 to 32.

The Rtotal(i,j) (mm·h−1) is the total rainfall per unit time in the ni j grid:

Rtotal(i,j) = v j·N(Di)·∆Di·
1
6
πD3

i ·3600·10−6 =
3π

5000
v jD3

i N(Di)∆Di (4)

The rainfall intensity R (mm·h−1) is the summation of Rtotal(i,j), and thus, can be calculated as:

R =
3π

5000

32∑
i=3

(
32∑

j=1

v jD3
i N(Di)∆Di) (5)

The content of liquid raindrop W (g·m−3) is the mass of liquid raindrops per unit volume:

W =
π
6
·10−3

·

∫
∞

0
D3N(D)dD =

π
6
·10−3

·

32∑
i=3

D3
i N(Di)∆Di (6)

The gamma distribution of raindrop spectra is derived as:

N(D) = N0Dµ exp (−ΛD) (7)

where N0 (mm−1−µ
·m−3) is the intercept parameter and varies in dozens of orders of magnitudes [26].

Thus, the normalized intercept parameter Nw (mm−1
·m−3) is used by Testud et al. [27] to represent N0,

in order for the characteristics of the parameter of distribution of raindrop spectra can be calculated
without any assumption about the DSD shapes:

Nw =
44M5

3

6ρwM4
4

(8)

Nw is better than N0 for representing the raindrop concentration with certain raindrop sizes, as is
not dependent on parameter µ. The mass-weighted mean diameter Dm(mm), and the rainfall shape
parameter µ (dimensionless, related to rainfall types [28]), can be expressed as [29,30]:

Dm =
4 + µ

Λ
(9)

µ =
1

2
(
1−

M3
4

M2
3M6

)
11

M3
4

M2
3M6

+

 M3
4

M2
3M6

 M3
4

M2
3M6

+ 8


1
2

− 8

 (10)

The slope parameter of gamma distribution Λ (mm −1) is dependent on parameter µ, and Seela
et al. [31] concluded that µ-Λ relationships vary with different precipitation types in different areas.
In this study, the Λ is expressed as a function of the 2nd and 4th-moment of the DSD and parameter
µ [32]:

Λ =

[
M2Γ(µ+ 5)
M4Γ(µ+ 3)

] 1
2

(11)

2.3. Precipitation Types and Quality Control (QC)

In this study, in order to analyze the characteristics of raindrop spectra in different precipitation
types, the precipitation data is classified into convective and stratiform rain based on the rainfall
intensity [14]. Quality control is carried out in this study because there are errors in the measurement
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of large diameters of raindrops using the disdrometer. In this study, raindrops larger than 6 mm in
diameter were considered to have crushed during falling [33]. Therefore, raindrops larger than 6 mm
in diameter are excluded in this study

Figure 3 illustrates the principle of classifying stratiform, convective, mixed-cloud rain and
non-rainfall events. In this study, the effective observation range of raindrop diameter is 0.25–6 mm.
Raindrop spectrum data with the total number of raindrops less than 10 or rain intensity less than
0.5 mm/h is regarded as noise [34,35].Remote Sens. 2019, 11, x FOR PEER REVIEW 6 of 24 
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Figure 3. Classifying stratiform, convective rain and non-rainfall events. This classification method is
derived by Li et al. [36] and used in Mt. Huangshan (118◦10′E, 30◦07′N, 1351 m a.s.l.), and is considered
valid in this study to classify stratiform/convective rain.

The quality control principle is similar to the method used by Li et al. [36]. For an instantaneous
moment tn during a rainfall event, if the rain intensity R within the time range [tn −Ns, tn + Ns] is >

5 mm/h and the standard deviation is >1.5 mm/h, the event is classified as a convective rainfall event; if
the rain intensity R within the time range [tn −Ns, tn + Ns] satisfies 0.5 < R < 5 mm/h and the standard
deviation is <1.5 mm/h, then the event is classified as a stratiform rainfall event. Other rainfall events
are classified as mixed-cloud rain [37].

2.4. Derivation of KE-R Relationships

Rainfall kinetic energy (KE) can be calculated from the raindrop disdrometer, rainfall terminal
velocity and raindrop size distribution. The total kinetic energy KE (J/(m3

·s)) can be derived as [25,38]:

KE =
1

12
ρπa3N0

∫
∞

0
Dµ+3+3be−ΛDdD (12)

where a = 3.78 and b = 0.67 are constant parameters [39]. In arid or semi-arid areas, most of the
precipitation is of weak or moderate levels and Marshall et al. [40] concluded that N0 in the expression
of N(D) is almost fixed to 0.08 cm−4. The parameter x is defined as:

x = µ+ 4 + 3b = µ+ 6.01 (13)

From Equations (12) and (13), the KE can be further expressed as:

KE =
ρπa3N0

12Λx

∫
∞

0
tx−1e−tdt =

ρπa3N0Γ(x)
12Λx (14)

The expression of Λ is:
Λ = 4.1R−0.21 (15)
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which is commonly used in the calculation of KE-R relationships in many studies [41–43], and:

KE =
ρπa3N0Γ(x)

12·4.1x ·R0.21x (16)

The parameter η is defined as:

η =
ρπa3N0

12
(17)

and is constant. Then:

KE =
ηΓ(x)
4.1x ·R

0.21x (18)

Therefore, the empirical formula of the relationship between KE and R with the variable parameter
x for the semi-arid area is derived.

3. Results

3.1. Data after Quality Control

In this study, 8184 records are selected as rainfall events, including 7388 stratiform and 796
convective data. The amount of observed mixed-cloud rain is zero. Figure 4 shows the frequency
accumulation curve of rainfall intensity recorded. The average R of the recorded data is 2.3 mm/h (the
calculated average R includes only rainy hours, as shown in Section 2.3), and the data with rainfall
intensity less than 5 mm/h is more than 90% of the total time of rainfall data.
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Figure 4. Frequency distribution of rain rates calculated from the whole OTT Parsivel-2
disdrometer datasets.

A division of the rainfall data into different seasons (spring from March to May, Summer from
June to August, Autumn from September to November and Winter from December to February) and
rainfall types (stratiform and convective rain) acquired by the OTT Parsivel-2 is reported in Table 1.
The results shown in Table 1 reflect the trend of precipitation change in this region with different
seasons. The frequency of raindrop spectra data recorded in summer is the highest (with 7019 records),
followed by autumn (4230 records), spring (3387 records) and winter (only 116 records). In spring,
summer and autumn, the total time of stratiform rainfall events Ts is higher than the total time of
convective rainfall events Tc, which reflects the precipitation characteristics of semi-arid areas [44].



Remote Sens. 2020, 12, 262 8 of 23

The percentage of stratiform rain is from small to large summer (85.9%), spring (93.5%) and autumn
(95.5%). Winter is not considered when comparing the characteristics of different seasons due to too
few liquid precipitation data recorded. The percentage of convective rain, ordered from small to large,
is spring (4.5%), autumn (6.5%) and summer (14.1%). In summer the R varies most and has the highest
standard deviation of 2.8 mm/h. However, the percentage of rainfall time over the seasons is ordered
from small to large, are spring (1.4%), autumn (1.7%) and summer (3.0%).

Table 1. Disdrometer-measured data of different seasons: total time with recorded data, the percentage
of stratiform and convective rain and percentage of different ranges of rainfall intensity; maximum and
average rainfall intensity, and standard deviation of rainfall intensity.

Rainfall Characteristics Spring
(March–May)

Summer
(June–August)

Autumn
(September–
November)

Winter
(December–
February)

Total time with data recorded Ttotal
(min) 3387 7019 4230 116

Total time of stratiform rain Ts (min) 1813 3431 2126 18
Total time of convective rain Tc

(min) 86 563 147 -

Percentage of stratiform rain
Ts/(Ts + TC) (%) 95.5 85.9 93.5 100

Percentage of convective rain
Tc/(Ts + Tc) (%) 4.5 14.1 6.5 -

Percentage of rainfall time over the
season (%) 1.4 3.0 1.7 ≈0

Maximum rainfall intensity
Rmax (mm·h−1)

12.6 33.7 21.2 1.1

Average R (mm·h−1) 2.0 2.6 2.0 0.7
Median Rm (mm·h−1) 1.9 1.9 1.6 0.7

Precipitation Accumulation Ptotal
(mm) 76.7 236.9 105.9 - *

Standard deviation of rainfall
intensity R (mm·h−1)

1.6 2.8 1.8 0.15

T0.5–2 mm·h−1 /(Ts + TC) (%) 60.3 58.8 66.4 100
T2–5 mm·h−1 /(Ts + TC) (%) 35.1 27.1 27.1 -
T5–10 mm·h−1 /(Ts + TC) (%) 4.2 11.3 6.0 -
T>10 mm·h−1 /(Ts + TC) (%) 0.4 2.8 0.5 -

* The rainfall accumulation is not calculated in winter because of the inclusion of solid precipitation (e.g., snow).

Weak and moderate rainfalls (with rainfall intensity satisfying 0.5 < R < 5 mm/h) account for
the largest proportion of rainfalls in each season, and data satisfying R > 5 mm/h in summer is of
the highest percentage of total rainfall time in the season (11.3%). The Rmax is 33.7 mm/h in summer,
21.2 mm/h in autumn and 12.6 mm/h in spring. The R and Ptotal in summer are also the highest
(2.6 mm/h and 236.9 mm, respectively), while the difference in R between spring (2.0 mm/h) and
autumn (2.0 mm/h) is not significant. The difference in Rm between spring (1.9 mm/h) and summer
(1.9 mm/h) is not significant.

3.2. Microphysical Characteristics of Precipitation in Different Seasons

Figure 5 is the distribution of different diameters with varying velocities obtained in different
seasons. In spring, summer and autumn, the majority of raindrop particles are in an area close to the
theoretical curve proposed by Beard [45]; in winter, the data is accumulated in low levels of both v and
D. Data are overall lying over the theoretical curve in spring, summer and autumn; in winter, however,
the velocities are underestimated compared to the theoretical curve in winter. This is because the type
of rainfalls during winter was mainly snow (regarded as solid rainfalls) and could cause deviation in
call speed, and the raindrop data with D > 6 mm are excluded as shown in Section 2.3.
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(convective) rain from small to large is 1.38 mm (1.46 mm) in summer, 1.46 mm (1.52 mm) in spring 246 
and 1.51 mm (1.57 mm) in autumn. However, there is less variation in average log10Nw data among 247 
the three seasons. The average log10Nw of stratiform rain from small to large is 3.88 mm in summer, 248 
3.89 mm in autumn and 3.92 in spring. However, the maximum of the average log10Nw of convective 249 
rain is 4.28 in summer. This reflects the micro-physical characteristics of rainfall in Yulin area: 250 
according to the results shown in Section 3.1, the average rainfall intensity is larger in summer than 251 
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Figure 5. Plots of measured raindrop terminal velocity-diameter relationships in different seasons. The
red curve is derived by Beard [45] in 1976, giving the relationships between v and D, and used as the
reference line for the v-D distribution in each season (a) spring; (b) summer; (c) autumn; (d) winter.

Figure 6 shows the histogram of Dm and log10Nw in different seasons and precipitation types.
The yearly average Dm and log10Nw are 1.41 and 3.91 mm, respectively. The average Dm of stratiform
(convective) rain from small to large is 1.38 mm (1.46 mm) in summer, 1.46 mm (1.52 mm) in spring
and 1.51 mm (1.57 mm) in autumn. However, there is less variation in average log10Nw data among
the three seasons. The average log10Nw of stratiform rain from small to large is 3.88 mm in summer,
3.89 mm in autumn and 3.92 in spring. However, the maximum of the average log10Nw of convective
rain is 4.28 in summer. This reflects the micro-physical characteristics of rainfall in Yulin area: according
to the results shown in Section 3.1, the average rainfall intensity is larger in summer than in spring and
autumn. According to Equation (5), the rain intensity is related to raindrop diameter and DSD. The
average Dm of different precipitation types in different seasons shows that for stratiform rain, R is
affected more by the raindrop diameter; for convective rain, R is affected more by DSD. The average
value of Dm is slightly less than that of in southern China (1.46 mm) [10].

Besides the average value, standard deviation and skewness of different Dm and log10Nw were
also calculated. The standard deviation of Dm in stratiform and convective rain among different
seasons varies from 0.19 mm to 0.26 mm. The skewness of Dm and Nw in stratiform and convective
rain are less than 0 in spring and autumn, illustrating the frequency of the data below the Dm mean

(Nw mean) is less than data above the Dm mean (Nw mean). However, the skewness of Dm and Nw in
stratiform and convective rain in summer are larger than 0, illustrating the frequency of the data below
the Dm mean (Nw mean) is more than data above the Dm mean (Nw mean).
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Figure 6. Frequency histogram of mass-weighted median diameter Dm and the denary logarithm of 265 
Nw in different precipitation types and different seasons calculated from the data measured by OTT 266 
Parsivel-2. (a) Histogram in stratiform rain in spring; (b) Histogram in convective rain in spring; (c) 267 
Histogram in stratiform rain in summer; (d) Histogram in convective rain in summer; (e) Histogram 268 
in stratiform rain in autumn; (f) Histogram in convective rain in autumn. The average value, standard 269 
deviation and skewness are also given for Dm and Nw in each plot. 270 

Figure 7 shows the Nw-R relationships in different seasons and precipitation types. The base-10 271 
logarithm of Nw is used to fit the relationship curves log10Nw = cRd, in which c and d are parameters 272 
fitted by measured data. For the error bars in each panel, R in the range (0.5, 5) (for stratiform rain) 273 
are divided into nine intervals evenly, and in the range (5, 35) (for convective rain) are divided into 274 
five intervals (5 < R < 10, 10 < R < 15, 15 < R < 20, 20 < R < 25 and R >25 mm·h−1), and error bars are 275 
used for each interval. The error bars for each interval are based on the mean value of R and log10Nw, 276 
with the ±1 Stdev (standard deviation), respectively. A significance analysis of fitting results is also 277 
proposed [46]. The p-values in each panel of Figure 7 are derived from the fitting tests of the power 278 
function. The p-values show that the fits for stratiform rain are statistically relevant and sound 279 
(shown in Figure 7 (a), (c), (e)). When comparing the disparity in precipitation types, parameters c 280 
and d have a smaller range in variability in different seasons. Figure 7 (a), (c) and (e) indicate that for 281 
stratiform rain, the difference of parameter c among different seasons ranges in 3.73–3.79 (p < 0.05). 282 
However, the parameter c for convective rain varies in a larger range of 3.86-4.14 (p < 0.1). For each 283 
season, the parameter a of stratiform rain is smaller than that of convective rain. The difference in 284 
parameter d is small among different seasons, and the d of stratiform rain is larger than that of 285 
convective rain. 286 

Figure 6. Frequency histogram of mass-weighted median diameter Dm and the denary logarithm of
Nw in different precipitation types and different seasons calculated from the data measured by OTT
Parsivel-2. (a) Histogram in stratiform rain in spring; (b) Histogram in convective rain in spring;
(c) Histogram in stratiform rain in summer; (d) Histogram in convective rain in summer; (e) Histogram
in stratiform rain in autumn; (f) Histogram in convective rain in autumn. The average value, standard
deviation and skewness are also given for Dm and Nw in each plot.

Figure 7 shows the Nw-R relationships in different seasons and precipitation types. The base-10
logarithm of Nw is used to fit the relationship curves log10Nw = cRd, in which c and d are parameters
fitted by measured data. For the error bars in each panel, R in the range (0.5, 5) (for stratiform rain)
are divided into nine intervals evenly, and in the range (5, 35) (for convective rain) are divided into
five intervals (5 < R < 10, 10 < R < 15, 15 < R < 20, 20 < R < 25 and R >25 mm·h−1), and error bars
are used for each interval. The error bars for each interval are based on the mean value of R and
log10Nw, with the ±1 Stdev (standard deviation), respectively. A significance analysis of fitting results
is also proposed [46]. The p-values in each panel of Figure 7 are derived from the fitting tests of the
power function. The p-values show that the fits for stratiform rain are statistically relevant and sound
(shown in Figure 7a,c,e). When comparing the disparity in precipitation types, parameters c and d
have a smaller range in variability in different seasons. Figure 7a,c,e indicate that for stratiform rain,
the difference of parameter c among different seasons ranges in 3.73–3.79 (p < 0.05). However, the
parameter c for convective rain varies in a larger range of 3.86–4.14 (p < 0.1). For each season, the
parameter a of stratiform rain is smaller than that of convective rain. The difference in parameter d is
small among different seasons, and the d of stratiform rain is larger than that of convective rain.
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Figure 7. Nw-R relationships for different precipitation types in different seasons. The fitted power 288 
formula based on the least-squares method is also shown in each plot: (a) stratiform rain in spring; (b) 289 
convective rain in spring; (c) stratiform rain in summer; (d) convective rain in summer; (e) stratiform 290 
rain in autumn (f) convective rain in autumn. 291 
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OTT Parsivel-2 Disdrometer and four TE525MM Rainfall Gauges. The three events are, respectively, 294 
chosen from each season, regarding their representation of different levels of rainfall intensity (all of 295 
the three events last for > 4h and include stratiform and convective records). 296 

Figure 7. Nw-R relationships for different precipitation types in different seasons. The fitted power
formula based on the least-squares method is also shown in each plot: (a) stratiform rain in spring;
(b) convective rain in spring; (c) stratiform rain in summer; (d) convective rain in summer; (e) stratiform
rain in autumn (f) convective rain in autumn.

3.3. Z-R Relationships in Different Rainfall Events

Three rainfall events were selected to illustrate the differences between the data measured by OTT
Parsivel-2 Disdrometer and four TE525MM Rainfall Gauges. The three events are, respectively, chosen
from each season, regarding their representation of different levels of rainfall intensity (all of the three
events last for > 4h and include stratiform and convective records).
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Table 2 shows the precipitation characteristics of these rainfall events. S/C records show the
relative rates of amounts of the stratiform and the convective records during the selected rainfall
events, for which Event 1, 2 and 3 are 662%, 888% and 753%, respectively. The results correspond to
the average rainfall intensity R of each rainfall event. Event 2 is with the least R (2.42 mm·h−1), while
Event 1 is with the highest R (3.07 mm·h−1).

Table 2. Precipitation characteristics of selected three rainfall events.

Rainfall
Number Rainfall Time Season Rd/(mm·h−1) * Rg/(mm·h−1) ** Duration S/C Records

Event 1 19–20 April 2019 Spring 3.36 3.51 4 h 30 min 225/34
Event 2 3 August 2019 Summer 1.65 1.78 12 h 30 min 897/101

Event 3 1 September
2018 Autumn 3.09 3.22 4 h 241/32

* Derived from disdrometer-measured raindrop spectra. See in Equation (5). ** Obtained by the four rainfall gauges
and averaged.

Figure 8 shows the difference in Z-R relationships of the three rainfall events of spring, summer
and autumn, and the results are Z = 109.6R2.1 (Event 1), Z = 119.0R1.8 (Event 2) and Z = 78.3R1.9

(Event 3). The parameter a of each of the three rainfall events is less than the parameter a of the default
Z-R relationship [47] (Z = 300R1.4, where parameter a is equal to 300). Parameter b in Z = aRb has
only slight difference among different rainfall events, and ranges in 1.8–2.1 (p < 0.05). This is consistent
with previous studies [48–51], that parameter b in Z = aRb varies in the range of 1–2.87 (p < 0.05). The
raindrop spectra have obvious changes for different precipitation types, causing the parameters of Z-R
relationships to vary. It is clear that the Z-R relationships of rainfall events vary depending on the
season and the precipitation types. The rainfall events with a higher S/C rate tend to have a higher
average rainfall intensity. Therefore, precipitation estimates for different types should be treated as
such. The results indicate that there is a need to utilize modified Z-R relationships in different seasons
when calculating the rainfall intensity by the QPE method.

3.4. KE-R Relationships

The rainfall kinetic energy KE and rainfall intensity R are calculated based on Equations (5) and
(18), respectively. The KE-R relationships of stratiform rain in different seasons are derived in the form
of a power function. The fitting results show the KE-R relationships satisfy the form of power function
KE = ARm, in which A and m are parameters.

Figure 9 shows that the stronger the rainfall intensity is, the faster the rainfall kinetic energy tends
to increase. The exponent of different power functions m varies from 1.45 to 1.82, in order from small
to large, spring < autumn < summer. Parameter A has similar values in spring (equal to 8.56) and in
summer (equal to 8.10), but in autumn the parameter A is 5.56. The value of the parameter A is closely
related to the raindrop spectra [52]. The parameter A is also related to the median rainfall intensity Rm,
which results in the decrease of A in autumn compared to spring and summer.



Remote Sens. 2020, 12, 262 13 of 23

Remote Sens. 2019, 11, x FOR PEER REVIEW 12 of 24 

 

Table 2 shows the precipitation characteristics of these rainfall events. S/C records show the 297 
relative rates of amounts of the stratiform and the convective records during the selected rainfall 298 
events, for which Event 1, 2 and 3 are 662%, 888% and 753%, respectively. The results correspond to 299 
the average rainfall intensity 𝑅̅ of each rainfall event. Event 2 is with the least 𝑅̅ (2.42 mm·h−1), while 300 
Event 1 is with the highest 𝑅̅ (3.07 mm·h−1). 301 

Table 2. Precipitation characteristics of selected three rainfall events. 302 

Rainfall 

Number 

Rainfall time Season 𝑅d
̅̅̅̅ /(mm ·

h−1)* 

𝑅g
̅̅ ̅/(mm ·

h−1)** 

Duration S/C 

records 

Event 1 19 Apr. – 20 

Apr. 2019 

Spring 3.36 3.51 4h30min 225/34 

Event 2 3 Aug. 2019 Summer 1.65 1.78 12h30min 897/101 

Event 3 1 Sep. 2018 Autumn 3.09 3.22 4h 241/32 

* Derived from disdrometer-measured raindrop spectra. See in Equation (5). 303 

** Obtained by the four rainfall gauges and averaged. 304 

 305 

Figure 8 shows the difference in Z-R relationships of the three rainfall events of spring, summer 306 
and autumn, and the results are 𝑍 = 109.6𝑅2.1 (Event 1), 𝑍 = 119.0𝑅1.8 (Event 2) and 𝑍 = 78.3𝑅1.9 307 
(Event 3). The parameter a of each of the three rainfall events is less than the parameter a of the default 308 
Z-R relationship [47] (𝑍 = 300𝑅1.4, where parameter a is equal to 300). Parameter b in 𝑍 = a𝑅b has 309 
only slight difference among different rainfall events, and ranges in 1.8-2.1 (p < 0.05). This is consistent 310 
with previous studies [48–51], that parameter b in 𝑍 = a𝑅b varies in the range of 1–2.87 (p < 0.05). 311 
The raindrop spectra have obvious changes for different precipitation types, causing the parameters 312 
of Z-R relationships to vary. It is clear that the Z-R relationships of rainfall events vary depending on 313 
the season and the precipitation types. The rainfall events with a higher S/C rate tend to have a higher 314 
average rainfall intensity. Therefore, precipitation estimates for different types should be treated as 315 
such. The results indicate that there is a need to utilize modified Z-R relationships in different seasons 316 
when calculating the rainfall intensity by the QPE method. 317 

0 2 4 6 8 10 12 14 16 18

0

10000

20000

30000

40000

50000

60000

0 2 4 6 8 10 12 14 16 18

0

10000

20000

30000

40000

50000

60000

0 2 4 6 8 10 12 14 16 18

0

10000

20000

30000

40000

50000

60000

19 Apr. - 20 Apr. 2019

z 
/ 

(m
m

6
·m

-3
)

R /(mm·h-1)(a)

z = 109.6R2.1

R2 = 0.63

p < 0.05

z = 119.0R1.8

R2 = 0.64

p < 0.05

3 Aug. 2019

(b)

z 
/ 

(m
m

6
·m

-3
)

R /(mm·h-1)

z = 78.3R1.9

R2 = 0.74

p < 0.05

1 Sep, 2018

(c)

z 
/ 

(m
m

6
·m

-3
)

R /(mm·h-1)  318 

Figure 8. Z-R relationships (𝑍 = a𝑅b) in three rainfall events. Each rainfall event is selected from 319 
different seasons (spring, summer and autumn). (a) Z-R relationship of a rainfall event in spring, from 320 

Figure 8. Z-R relationships (Z = aRb) in three rainfall events. Each rainfall event is selected from
different seasons (spring, summer and autumn). (a) Z-R relationship of a rainfall event in spring, from
19 April to 20 April 2019; (b) Z-R relationship of a rainfall event in summer, on 3 August 2019; (c) Z-R
relationship of a rainfall event in autumn, on 1 September 2018; the fitted curves are derived based on
the power function, which are solid red curves in (a–c).
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Figure 9. KE-R curves fitted in different seasons. Data of stratiform rain in spring, summer, and autumn
are analyzed. (a) KE-R relationship in spring; (b) KE-R relationship in summer; (c) KE-R relationship in
autumn. For the error bars in each panel, R in the range (0.5, 5) are divided into nine intervals evenly,
and error bars are used for each interval. The error bars for each interval are based on the mean value
of R and KE, with the ±1 Stdev (standard deviation), respectively.
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4. Discussion

4.1. Uncertainty Analysis of Disdrometer-Measured Data

Figure 10 shows the relationship between two different measurements on a daily scale. Each
point represents the total rainfall of a given day during the 1-year observation period. The abscissa is
the total measured rainfall of Parsivel-2, and the ordinate is the averaged total rainfall measured by
four TE525MM Gauges (data with both daily total rainfall greater than 1mm are taken for analysis).
The results show that the disdrometer-measured data demonstrates a good correlation with the
average rainfall gauge-measured data, and the deviation is mainly caused by the instrument theoretical
error in measurement of disdrometer and gauges (e.g., sampling error), which was concluded by
Tokay et al. [29]. The measured rainfall data of the disdrometer is suitable for this semi-arid area.Remote Sens. 2019, 11, x FOR PEER REVIEW 14 of 24 
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Figure 10. Scatter plot of gauge- and disdrometer-measured total rainfall on a daily scale. The results
obtained by the two measurement methods are compared with the scatter plot. The solid green line is
the fitted result.

Figure 11 shows the precipitation process of three rainfall events, with the calculated average
of the data measured by four rainfall gauges. The determinate coefficient R2 of a linear relationship
between Parsivel Disdrometer and TE525MM Gauges is 0.68 for (a), 0.83 for (b) and 0.96 for (c). The
standard deviations of disdrometer-measured (gauge-measured) rainfall intensity in (a), (b) and (c) are
1.37 mm/h (2.90 mm/h), 1.02 mm/h (1.43 mm/h) and 1.43 mm/h (2.46 mm/h), respectively. The standard
deviation of the disdrometer-measured data in each season is less than the gauge-measured data in the
corresponding season. In order to further compare the difference between disdrometer-measured and
gauges-measured data, the mean absolute error(MAE) and the root mean square error(RMSE) of the
events are also given. Event 3 has the smallest MAE (0.69 mm·h−1) and smallest RMSE (0.99 mm·h−1)
among the three events. This indicates that the disdrometer can potentially estimate the precipitation
with better performance during Event 3, according to the comparison with gauge-measured data.
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Figure 11. The comparison of measurement results of OTT Parsivel-2 (orange solid lines) and four 370 
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on 1 September 2018. 373 
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Figure 11. The comparison of measurement results of OTT Parsivel-2 (orange solid lines) and four
TE525MM gauges (green dotted lines, averaged) in 3 rainfall events. (a) a rainfall event in spring, from
19–20 April 2019; (b) a rainfall event in summer, on 3 August 2019; (c) a rainfall event in autumn, on
1 September 2018.

The measuring range of Parsivel-2 is 0.25–6 mm, and it has been proved that the disdrometer has
errors in measuring both smaller and larger diameters of raindrops in many studies [53,54], which
have more accuracy in measuring mid-level raindrops in the spectra. Liu et al. [54] further explained
the algorithm of the disdrometer and concluded that the differences can be attributed to a certain error
of rainfall amount accumulation. In all three measured events, when the TE525MM Gauges-measured
data reaches its peak (at 0:30 in (a), 19:00 in (b), and 18:30 in (c)), the data measured by gauges are all
more than the disdrometer-measured data; and when the TE525MM Gauges-measured data reaches its
minimum of the event (at 23:30 in (a), at 11:30 in (b) and 15:00 in (c)), the data measured by gauges
are all no more than the disdrometer-measured data. As raindrop spectra data larger than 6 mm are
treated as solid rainfall and eliminated, the peak value of the disdrometer is lessened. This is consistent
with the results in Section 3.3 that in Event 1 the disdrometer- and gauge-measured R data indicates a
significant gap (2.94 and 3.51 mm·h−1, respectively). Since the measured raindrop spectra data larger
than 6 mm have been removed, and raindrops of large diameter are often accompanied by heavy
rain [25], it is speculated that this is the reason why the peak of rainfall intensity obtained by the
raindrop disdrometer is smaller than the value measured by rain gauges.
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4.2. Comparison of Different Z-R Relationships

In this section, the Z-R relationships of different experiment areas are compared, as shown in
Table 3. The Z-R relationships calculated in different studies vary with different measurement methods,
different study areas and rainfall time and types. Previous studies have shown that parameter a has a
very wide range of values. This is consistent with Kang [55] that the range of parameter a is 10–1200.
The parameters a and b vary with different seasons and locations, as well as with the measurement
methods. It can be concluded that there is a great variation in the parameters a and b at different
places, and Z-R relationships should be determined according to different regions. The above analysis
also shows that it is of great significance to further improve the accuracy of radar rain measurement
inversion and to further study the microphysical characteristics of rainfall [56].

Table 3. Results of Z-R relationships in different study areas.

Reference [57–62] Precipitation
Time/Season Location Measurement

Method
Z-R
relationships Rainfall Type

Zhang et al., 1992 July in 1981 Jiangsu, Eastern
China Digital Radar Z = 60R2.3 Heavy rain

Marshall et al.,
1947 Summer in 1946 Canada MHF Radar Z = 190R1.72 Thunderstorm

Chen et al., 2008 15 July–7 August
in 2007

Leizhou Peninsula,
China

Parsivel
Disdrometer

Z = 269R1.54

Z = 178R1.58
Convective rain
Mixed-cloud rain

Marzuki et al., 2013 2006–2007 Kototabang, West
Sumatra, Indonesia

2D-Video
Disdrometer Z = 136R1.26 Stratiform rain

Hazenberg et al.,
2011 14 September 2006 Cévennes-Vivarais

region, France
OTT/Parsivel
Disdrometer Z = 79R1.52 Stratiform rain

Blanchard, 1953 October in 1951–
August in 1952 Hawaii, USA Filter-paper Z = 31R1.71 Thunderstorm

Sivaramakrishnan,
1961 November in 1958 India Filter-paper Z = 67.6R1.94 Thunderstorm

4.3. Sensitive Analysis of the Formula of KE-R Relationships

Many previous studies [22,52,63] have shown that parameters of the KE-R relationship are highly
sensitive to DSD, and for parameters closely related to DSD characteristics, such as µ, the change in
µ represents the difference in rainfall characteristics, which can affect the value of the parameters.
Equation (18) indicates the KE-R relationships under the impact of parameter x. The parameter A and
m are used to simplify the KE-R formula (expressed as Equation (18)) and are defined as:

A =
ηΓ(x)
4.1x (19)

m = 0.21x (20)

in which A and m are functions of parameter x, thus, A and m are affected by raindrop microphysical
characteristics and the environmental conditions. The parameter x (known as a linear variation with
the parameter µ according to the Equation (13)) varies differently due to the different regions, different
time periods. Therefore, sensitivity analysis is conducted on the parameters A and m with the change
of parameter x, in order to indicate the applicability of the KE-R relationships formula (derived as
Equation (18)) under different rainfall conditions. S1 and S2 were defined as the parameters to analyze
the sensitivity of A and m with the change of x, and the influence of change on parameter x on the
KE-R relationships is further shown. The definition of sensitive parameters S1 and S2 are derived in
Equations (21) and (22):

S1 = lim
∆x→0

(
∆A/A
∆x/x

) =
dA
dx
·
x
A

(21)

S2 = lim
∆x→0

(
∆m/m
∆x/x

) =
dm
dx
·

x
m

= 1 (22)
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in which S1 (S2) is the ratio of the change rate of parameter A (parameter m) to the change rate of
parameter x. It is obvious from Equation (20) that the parameter m is proportional to parameter x,
thus, S2 is a constant, as shown in Equation (22). The sensitive parameter S1 is further calculated
of stratiform and convective rain obtained via disdrometer in different seasons, and the results are
summarized in Table 4.

Table 4. Sensitive analysis results for parameter A with x of different precipitation types in different
seasons and the total year.

Spring Summer Autumn Total Year

S1(Stratiform) 4.10 4.68 3.83 4.29
S1(Convective) 3.88 3.79 3.97 3.88

Table 4 shows the results of the sensitivity analysis for A with x of different precipitation types in
different seasons. The sensitivity of parameter A varies with different precipitation types and seasons.
In the whole-year scale, the S1 is 4.29 of stratiform rain and 3.88 of convective rain, which indicates the
parameter A of stratiform rain is more sensitive to the change of parameter x in the total year. The S1

of stratiform rain in spring and summer is also more than that of convective rain in corresponding
seasons. However, the S1 of stratiform rain (3.83) is less than that of convective rain (3.97) in autumn,
and the S1 reaches its lowest in autumn among three seasons. The parameter x is affected by changes
in environmental factors and rainfall types [64], and in autumn, the sensitivity of parameter A with the
change of x is lower than in spring or summer. This explains the obvious decrease of parameter A in
autumn compared with the other two seasons calculated in Section 3.4. For convective rain in different
seasons, the S1 from small to large is summer (3.79) < spring (3.88) < autumn (3.97).

According to Teng [65], the values of µ for raindrop spectra are between −1 and 4, and different µ
values correspond to different rainfall characteristics. The larger the µ, the more likely it is to cause
convective rain. In order to analyze the KE-R relationship when the rainfall shape parameter µ takes
different values, the KE-R relationship curve of different values of µ was therefore made based on
Equation (18), as shown in Figure 12a–f. The rule of this study is that both parameter A and m increase
with the increase of µ. Figure 12g further shows the relationship among KE-R-µ. At a certain R, KE
increases as µ increases. At the same rainfall intensity, the rainfall kinetic energy is also related to the
rainfall type: the more the rainfall type is inclined to convective rain, the greater the rainfall kinetic
energy will be, which can be explained by the Equation (18) and corresponds to the conclusions in
other studies [66,67]. KE-R relationship changes with the change of the parameter x, according to
Equation (18). From Equation (13), the parameter x can be calculated with a linear function from
parameter µ. As discussed in Section 2.2, the parameter µ is correlated with the rainfall types; thus,
the KE can be interpreted by the rainfall types according to Equation (18). In addition, different
fitted formulas obtained in previous studies can be approximated with Equation (18) by changing the
parameter µ (see Table A1), and the specific results can be approximated by Figure A1. This shows that
the derived theoretical formula (Equation (18)) in this study is universal in various regions; however,
whether the formula can be directly used to further analyze the KE-R relationship in other semi-arid
areas should be further discussed in the future.
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Figure 12. The R-KE relationships under different values of shape factors μ. The curves are derived 454 
based on Equation (18). (a) KE-R relationship for μ = -1; (b) KE-R relationship for μ = 0; (c) KE-R 455 
relationship for μ = 1; (d) KE-R relationship for μ = 2; (e) KE-R relationship for μ = 3; (f) KE-R 456 
relationship for μ = 4; (g) KE-R-μ relationship. 457 

5. Conclusions 458 

Characteristics of raindrop size distributions (DSDs) are important for improving the accuracy 459 
of radar reflectivity-rainfall intensity (Z-R) relationships in remote sensing (QPE) and the estimation 460 
of soil erosivity. In this study, an OTT Parsivel-2 Disdrometer is used to measured raindrop spectra 461 
from 10 August 2018 to 10 August 2019 in Yulin Ecohydrological Station, Shaanxi Province, China. 462 
The precipitation events obtained are classified as stratiform and convective rain based on the rainfall 463 
intensity classifying processes. The conclusions are summarized as follows. 464 

(1) The characteristics of microphysical variables (the mass median diameter Dm and the 465 
raindrop size distribution Nw) were analyzed. The average Dm of different precipitation types in 466 
different seasons shows that for stratiform rain, rainfall intensity R is affected more by the average 467 
raindrop diameter Dm; for convective rain, R is affected more by DSD. The yearly average Dm and 468 
log10Nw are 1.41 and 3.91 mm, respectively. The average Dm of stratiform (convective) rain from small 469 
to large is 1.38 mm (1.46 mm) in summer, 1.46 mm (1.52 mm) in spring and 1.51 mm (1.57 mm) in 470 
autumn. This reflects the semi-arid climate rainfall characteristics in Yulin Station. 471 

(2) The variances of rainfall microphysical characteristics in different precipitation types and 472 
seasons are related. The distribution of rainfall terminal velocity-diameter (v-D) spectra of spring, 473 
summer and autumn is concentrated near the theoretical curve derived by Beard [45]. The base-10 474 
logarithm of Nw is used to fit the relationship curves log10Nw = cRd, in which c and d are parameters 475 
fitted by measured data. The difference in parameter d is small among different seasons (0.07–0.08 476 
for stratiform rain and 0.02–0.04 for convective rain), and the d of stratiform rain is larger than that 477 
of convective rain. 478 

(3) The Z-R relationships of different rainfall events in spring, summer and autumn in this semi-479 
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Figure 12. The R-KE relationships under different values of shape factors µ. The curves are derived
based on Equation (18). (a) KE-R relationship for µ = −1; (b) KE-R relationship for µ = 0; (c) KE-R
relationship for µ = 1; (d) KE-R relationship for µ = 2; (e) KE-R relationship for µ = 3; (f) KE-R
relationship for µ = 4; (g) KE-R-µ relationship.

5. Conclusions

Characteristics of raindrop size distributions (DSDs) are important for improving the accuracy
of radar reflectivity-rainfall intensity (Z-R) relationships in remote sensing (QPE) and the estimation
of soil erosivity. In this study, an OTT Parsivel-2 Disdrometer is used to measured raindrop spectra
from 10 August 2018 to 10 August 2019 in Yulin Ecohydrological Station, Shaanxi Province, China.
The precipitation events obtained are classified as stratiform and convective rain based on the rainfall
intensity classifying processes. The conclusions are summarized as follows.

(1) The characteristics of microphysical variables (the mass median diameter Dm and the raindrop
size distribution Nw) were analyzed. The average Dm of different precipitation types in different
seasons shows that for stratiform rain, rainfall intensity R is affected more by the average raindrop
diameter Dm; for convective rain, R is affected more by DSD. The yearly average Dm and log10Nw are
1.41 and 3.91 mm, respectively. The average Dm of stratiform (convective) rain from small to large is
1.38 mm (1.46 mm) in summer, 1.46 mm (1.52 mm) in spring and 1.51 mm (1.57 mm) in autumn. This
reflects the semi-arid climate rainfall characteristics in Yulin Station.

(2) The variances of rainfall microphysical characteristics in different precipitation types and
seasons are related. The distribution of rainfall terminal velocity-diameter (v-D) spectra of spring,
summer and autumn is concentrated near the theoretical curve derived by Beard [45]. The base-10
logarithm of Nw is used to fit the relationship curves log10Nw = cRd, in which c and d are parameters
fitted by measured data. The difference in parameter d is small among different seasons (0.07–0.08 for
stratiform rain and 0.02–0.04 for convective rain), and the d of stratiform rain is larger than that of
convective rain.

(3) The Z-R relationships of different rainfall events in spring, summer and autumn in this
semi-arid area are derived in this study. The parameter a is larger in stratiform rain than in convective
rain, while the parameter b is larger in convective rain, showing the impact of different rainfall types
on a and b. The results show that the estimation of different seasons should be treated, respectively.

(4) The theoretical formula of KE-R relationships for stratiform precipitation in semi-arid areas is

derived (KE =
ηΓ(x)
4.1x ·R0.21x, where the parameter η is constant and x = µ+ 6.01), which indicates the

characteristics of precipitation and environmental conditions represented by parameter µ. This formula
gives a general expression of the KE-R relationships and is simple to use because the parameters are all
derived from the parameter µ. The sensitivity analysis results show that the parameter A for stratiform
rain is more sensitive to the change of different precipitation types and environmental conditions in a
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total year. The closer the precipitation types are to convective rain, the larger the KE is at the same
level of R. By changing the parameter µ, different empirical formulas obtained in previous studies can
be approximated with the derived theoretical formula (Equation (18)).

In summary, the DSD characteristics of Yulin Station were obtained and the results can help
to understand the microphysical characteristics of precipitation and have a strong impact on the
mechanism of soil erosivity in the semi-arid area. Additionally, the formula of KE-R relationships
provides a convenient way to fit with different rainfall events in semi-arid areas by adjusting its
parameters. But the results are not conclusive because of the limited sample records of different rainfall
types. In this study, data in winter is not deeply investigated, e.g., the solid precipitation processes
should be further considered and analyzed. Moreover, the impact of environmental conditions on the
parameter A and m is still not well understood. In the future, the influence of environmental factors on
the parameters in Z-R relationships should be further discussed.
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Appendix A

Table A1 shows different fitting formulas of KE-R relationships in different research areas. KE-
R formulas obtained in different regions vary, including polynomial, exponential, logarithm and
other forms. In order to reflect the universality of the theoretical formulas introduced in this paper,
KE-R relationships are obtained by changing equations based on Equation (18) to approximate the
formulas given in different studies. The deterministic coefficient is used as the index to evaluate
the approximation results, and the fitting results ensure that the deterministic coefficient of the two
is greater than 0.99 for each reference listed in Table A1. The scatter points obtained by the KE-R
relationship obtained by Equation (18) are described, and then, the linear fitting is performed with
the points traced based on the original equation; results are shown in Figure A1. The abscissa is the
KE obtained by changing different equations in this paper, and the ordinate is the relation obtained
by different researchers. The red line is the fitting result. The rainfall intensity corresponding to
the horizontal and vertical coordinates of each point on the line is the same. Figure A1 shows that
the deterministic coefficients of different results are all above 0.99, indicating that Formula (18) can
approximate the KE-R results obtained in different studies by changing the parameter values. Since the
equation can be fixed only by determining the parameters, it has the value of further generalization.

Table A1. Different formulas of KE-R relationships.

References KE-R Relationships (Originally Derived) Form KE-R Relationships
(Based on Equation (18)) µ

Carter et al., 1974 [68] KE = 11.32R + 0.5546R2
−0.5009 ×

10−2R3 + 0.126 × 10−4R4 Polynomial KE = 4.38R1.49 1.09

McGregor et al., 1976 [69] KE=R(27.3 + 21.68e−0.048R
− 41.26e−0.072R) Index KE = 4.86R1.53 1.30

Wischmeier et al, 1978 [70] KE = R(11.9 + 8.73logR) Logarithm KE = 4.62R1.51 1.20
Bollinne et al., 1984 [71] KE = 12.32·R + 0.56·R2 Polynomial KE = 4.79R1.53 1.27
Steiner et al., 2000 [67] KE = 11R1.25 Power KE = 4.86R1.53 1.30
Sanchez-Moreno et al.,

2012 [72] KE = (10.09 + 12 logR)·R Logarithm KE = 4.83R1.53 1.29
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