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Highlights

What are the main findings?

• Hail and rainfall have distinct coherent Doppler lidar (CDL) power spectrum charac-
teristics, with hail featuring higher vertical velocities, a wider spectrum width, and
skewness with absolute values near 1.

• CDL can identify hail-dominated periods in mixed-phase precipitation under weak
convective conditions.

What are the implications of the main findings?

• Hail’s unique power spectrum characteristics can facilitate the practical develop-
ment and implementation of CDL-based hail detection algorithms for complex
precipitation conditions.

• The power spectrum discrimination method, assisted by the high spatiotemporal
resolution of CDL, provides support for accurate short-term nowcasting prior to
hail generation.

Abstract

Hail is one of the typical manifestations of severe convective weather, characterized by its
sudden onset and strong localization. In this study, a compact all-fiber coherent Doppler
lidar (CDL) working at the 1.5 µm wavelength is employed to detect a hail event. Combined
with ERA5 reanalysis data, Parsivel2, and cloud-type products from the Fengyun satellite,
the synoptic background of the hail event was analyzed. Owing to its high-precision
spectrum measurement capability, the CDL can effectively separate the multi-component
power spectra of precipitation particles. By comparing particle velocity, spectrum width
and skewness as characteristic parameters from signal separation across light rain, hail
and heavy rain, the distinctive power spectrum characteristics of hail were identified. This
study verifies that CDL can provide high-spatiotemporal-resolution data support for the
short-term forecasting of hail events.
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1. Introduction
Hail is one of the typical outcomes of severe convective weather. Its formation and

development are closely associated with intense vertical motions and the accumulation of
unstable energy in the atmosphere, often accompanied by extreme meteorological phenom-
ena such as thunderstorms and short-duration heavy precipitation [1]. Characterized by
remarkable suddenness and locality, hail particles pose a severe threat to humans, animals,
crops, and public infrastructure due to their large momentum and size [2–4]. In actual
hail events, ground observations commonly record information including hail diameter,
spatial coverage of hail, and the associated damage to crops and buildings [5]. Such events
are often accompanied by frequent lightning activity, vigorous convective cloud devel-
opment, intense short-duration rainfall, and abrupt increases in surface wind gusts [6,7].
These observational conditions reflect the intensity of the underlying thunderstorm system
and provide essential practical support for the monitoring and retrieval of hail-related
processes [8]. Consequently, to ensure the timeliness of hail prevention and disaster mitiga-
tion, higher demands are imposed on the spatiotemporal accuracy of hail early warning
systems [9,10].

Currently, hail observation and prediction primarily rely on synoptic scale analysis
methods, with a focus on the formation and evolution of hailstorms [11]. S-band po-
larimetric radar is widely used for hail detection by identifying distinct hailstorm echo
characteristics (e.g., high reflectivity factor), while key parameters including the differential
reflectivity, specific differential phase, and correlation coefficient are employed to analyze
cloud evolution and precipitation processes [12–14]. Alternatively, laser disdrometers are
used to record the size and velocity distribution of precipitation particles [15]. However,
during hail events, melting during descent often leads to liquid water adhering to hail
surfaces, and some hail even melt completely. This results in a complex mixture of rain-
drops and hail particles in precipitation particles, which increases the difficulty of hail
observation [16].

Lidar is an advanced atmospheric remote sensing instrument characterized by a high
precision and high spatiotemporal resolution, which exhibits outstanding performance
in the field of atmospheric detection [17–19]. Among various lidar systems, coherent
Doppler lidar (CDL) has been widely applied in atmospheric detection, with capabilities to
detect precipitation [20], melting layers [21,22], gravity waves [23], atmospheric boundary
layers [24], wind shear [25], turbulence [26], lightning [5], and aircraft wake vortices [27].

To address the limitations of conventional observations in identifying hail particles
and capturing their fine-scale evolution, this study extends the application of CDL to hail
observation. Based on the characteristic parameters derived from the CDL power spectrum,
a method is developed to effectively identify small hail particles and discriminate hail
events. The proposed method enables high-spatiotemporal-resolution observations of
hail initiation and evolution, thereby supporting more timely and reliable short-term hail
forecasting. Accordingly, the use of CDL shows considerable promise for operational hail
early warning and can serve as a promising new tool for high-resolution hail detection.

2. Materials and Methods
2.1. Instruments and Data

This study mainly employed two types of ground-based remote sensing instruments:
CDL and OTT Parsivel2 laser disdrometer (OTT HydroMet GmbH, Kempten, Germany),
together with data products from the Fengyun-4A (FY4A) satellite and the ERA5 reanalysis
dataset. ERA5 is the fifth-generation global climate reanalysis dataset of the European
Centre for Medium Range Weather Forecasts (ECMWF) [28]. In this study, we utilized
the ERA5 dataset, including u-v-w wind vectors, temperature, and relative humidity,
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with a spatial resolution of 0.25◦ × 0.25◦ and a temporal resolution of 1 h. The FY4A
is China’s new-generation geostationary meteorological satellite [29], and its cloud-type
(CLT) product was employed for this study. Both ERA5 and FY4A datasets were applied to
analyze the meteorological conditions on the study day.

Specifically, a compact all-fiber CDL system was deployed on the campus of the
University of Science and Technology of China (USTC), located at 31.83◦N, 117.25◦E.
Operating at an eye-safe wavelength of 1.5 µm, this CDL system featured a pulse energy
of 300 µJ, a repetition rate of 10 kHz, and a maximum detection range of 15 km. For the
precipitation experiment reported herein, a vertical observation mode was adopted to
enable high-spatiotemporal-resolution measurements of particle vertical velocities. The
key parameters are listed in Table 1. Detailed information regarding the validation and
application of this CDL system can be found in our previous research [30,31].

Table 1. Key parameters of CDL.

Parameter Value

Wavelength 1.5 µm
Transmitter type Pulsed (600 ns)

Transmitter power 3 W
Pulse repetition rate 10 kHz

Time resolution 1 s
Range resolution 30 m

Azimuth scanning range (◦) 0–360
Zenith scanning range (◦) 0–90

A Parsivel2 laser disdrometer [32] and a Davis weather station were deployed within
a 10 m radius of the CDL system to acquire surface meteorological parameters including
precipitation, visibility, temperature, and humidity. The Parsivel2 captures both the size
and speed of surface precipitation particles based on the attenuation of laser beams caused
by particle occlusion.

2.2. Methods

Different hydrometeor and aerosol particles exhibit distinct motion velocities, which
induce Doppler power spectrum broadening of the backscattered signals detected by
the CDL. Under precipitation conditions, the received signal is dominated by scattering
contributions from both aerosol particles and precipitation particles [5]. Given that the
vertical terminal velocities of precipitation particles are considerably higher than those of
aerosol particles, these two particle types typically manifest as two distinct peaks in the
Doppler power spectrum.

The Doppler spectrum characteristics of precipitation particles exhibit different pat-
terns under varying precipitation conditions. For raindrops, Doppler spectrum broadening
arises from the variability in their particle sizes and fall velocities. Although raindrops of
different sizes may exhibit a comparable spectrum width, their Doppler frequency shifts
differ owing to discrepancies in fall velocities. The superposition of these individual signals
further broadens the Doppler spectrum width [33]. In contrast, the spectrum characteristics
of hail particles are far more complex. Previous observational studies have shown that hail
has more intricate geometric shapes and size distributions than raindrops, often appearing
as spherical or irregular particles with diameters exceeding 5 mm [34,35]. Additionally,
hail particles may undergo partial or complete melting during descent as a result of air
friction and ambient temperature effects, leading to volume reduction or even complete
transformation into liquid raindrops. Therefore, the mixed phase of hail particles and
raindrops must be considered when analyzing hail spectrum characteristics. Under these
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circumstances, the simultaneous presence of aerosols, hail, and liquid raindrops, which
exhibit disparate motion velocities, may result in a tri-modal profile in the Doppler power
spectrum., which necessitates analysis using a three-peak Gaussian fitting method. The
corresponding mathematical expression is provided below:

I( f ) = Ia exp

[
− ( f − fa)

2

2σ2
a

]
+ Ir exp

[
− ( f − fr)

2

2σ2
r

]
+ Ih exp

[
− ( f − fh)

2

2σ2
h

]
, (1)

where fa, fr and fh represent the Doppler frequency shifts in aerosols, raindrops and hail
particles, respectively. Ia, Ir and Ih denote their respective intensity peaks; and σa, σr and σh

stand for their respective spectrum widths. The above parameters are determined using
the least squares method.

The line-of-sight (LOS) velocity of raindrops or hail particles can be derived from the
Doppler frequency shift, following the relationship

vLOS =
λ

2
fi (2)

where fi is the Doppler frequency shift in different particles, and λ is the laser wavelength
of the CDL. Here, the velocity is defined as positive when the particle moves toward the
lidar. Using this relationship, the fall velocities of raindrops or hail particles can be retrieved
from echo signals at different altitudes.

To further characterize the power spectrum, we introduce the normalized skewness to
quantify the symmetry of the frequency spectrum, which is defined as

sk =
∑ (vi − v)3Pi

∑ Pi
/

[
∑ (vi − v)2Pi

∑ Pi

]3/2

− sk0, (3)

where vi and Pi denote the velocity and power value at the i-th sampling point, respectively,
while v represents the mean velocity of the power spectrum. sk0 is the baseline skewness
derived from clear-air spectral measurements under conditions of weak turbulence and
minimal windshear, where the power spectrum exhibits a unimodal distribution dominated
by atmospheric molecular scattering.

Under precipitation conditions, the scattering signals from precipitation particles
form additional intensity peaks in the power spectrum, causing the frequency spectrum to
deviate from a unimodal distribution. However, the normalized skewness fails to identify
such multimodal distributions. For example, when the spectrum contains two peaks of
similar intensity, the skewness approaches 0. To accommodate this complex scenario,
Equation (3) is revised by redefining v as the velocity corresponding to the maximum signal
intensity in the spectrum.

In CDL measurements, the quality of raw observational data is commonly evaluated
using the carrier-to-noise ratio (CNR), which can be calculated conveniently from the power
spectrum in each range bin. For hail detection, a CNR threshold of −27 dB was applied to
eliminate low-quality signals and outliers from the dataset. Furthermore, the absolute value
of skewness greater than 0.2 was used as an additional constraint to identify hail-related
signals, taking advantage of the distinct spectral asymmetry induced by large and irregular
hail particles. This combined preprocessing procedure effectively improves data reliability
for subsequent hail event identification and analysis.

3. Results
This study is based on observational records obtained on 10 September 2020, during

which a hail event was observed over USTC at approximately 21:00 local time (LT). Partial
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synchronized data from the Parsivel2 are listed in Table 2, with a Surface Synoptic Obser-
vation (SYNOP) code of 89 recorded at 21:11:30. As defined by the World Meteorological
Organization, SYNOP code 89 signifies surface hail, which may occur with or without
concurrent rainfall [36].

Table 2. Parsivel2 data.

Local
Time

Rain Rate (mm/h)
Code SYNOP Particle Number

in 10 sValue WMO Code Definition

10:32:40 2.23 61 Rain, not freezing, continuous (slight) 25
21:11:30 18.28 89 Shower of hail, with or without rain (slight) 59
21:22:30 12.41 63 Rain, not freezing, continuous (moderate) 161

3.1. Hail Event Observations

The formation process of the hail event, monitored by the CDL and other ground-
based instruments at USTC, is illustrated in Figure 1. The magenta rectangle contains the
hail event. Figure 1a,d show the CNR, spectrum width, spectrum skewness, and vertical
velocity measured by the CDL, Figure 1e shows the temperature (blue line) and relative
humidity (orange line) from a Vaisala sensor, and Figure 1f shows the visibility (blue line)
from the Davis weather station and rainfall rate (orange line) from the Parsivel2.

 

Figure 1. Continuous observation results on 10 September, 2020. (a) CNR, (b) spectrum width,
(c) skewness and (d) vertical velocity from a CDL. (e) Temperature (blue line) and relative humidity
(orange line) results from Vaisala; (f) visibility (blue line) from Davis weather station and intensity of
precipitation (orange line) from Parsivel2. The magenta rectangle contains hail event.
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When no precipitation occurs, the CNR corresponding to aerosols within the altitude
range below 1 km approximates 0 dB (Figure 1a). In contrast, during precipitation periods,
aerosols are captured by precipitation particles and are subsequently deposited onto the
ground, which results in a marked reduction in the aerosol CNR below 1 km. The air mass
with a CNR greater than 0 dB above 1 km corresponds to the precipitation cloud base. Since
lidar beams are unable to penetrate the convective regions within clouds dominated by large
hydrometeors, the precipitation clouds detected by the CDL appear as a thin cloud layer.
During the entire precipitation event, precipitation particle populations featuring vertical
velocities > 1 m/s beneath the cloud base showed pronounced spectrum broadening and
increased skewness; these phenomena are direct evidence of the coexistence of precipitation
particles with heterogeneous sizes and velocity magnitudes in the lower cloud layer.

The magenta rectangular area denotes the period during which the hail event occurred
(Figure 1). During this interval, the precipitation intensity surged to more than 35 mm/h in
a short time. Meanwhile, surface temperature dropped by 1 ◦C, relative humidity increased
by 10%, and atmospheric visibility decreased drastically from 15 km to under 5 km.

3.2. Meteorological Conditions

To further investigate the hail formation process, ERA5 reanalysis data were employed
to characterize the synoptic conditions on the day of the event. Figure 2 shows the hor-
izontal wind fields at the 850 hPa, 700 hPa, and 500 hPa pressure levels derived from
ERA5 reanalysis data, while Figure 3 displays the vertical cross-sections of wind fields and
relative humidity at 117.25◦E (the longitude of the USTC).

The 3 h window from 19:00 to 22:00 LT encompasses the pre-hail stage, capturing the
development of the hail cloud. As illustrated in Figure 2(a1–a4), the 850 hPa wind field
showed a weakly cyclonic pattern around USTC, with winds veering counter-clockwise
but lacking a closed vortex. Wind speed maxima were distributed in discrete bands to the
northeast and southwest of USTC, with low spatial gradients. These features confirm that
the 850 hPa layer acted as the primary convergence zone, driving the upward motion to
initiate convection. Due to strong surface friction, rotational characteristics were suppressed,
and the layer’s main role was to supply moisture and instability energy to the developing
convective system.

As illustrated in Figure 2(b1–b4), the 700 hPa wind field displayed a well-defined
cyclonic circulation pattern, marked by obvious counter-clockwise wind rotation around
USTC. Streamlines showed a strong curvature, providing a clear precursor to a closed vortex
structure. Wind speed maxima clustered over the southeast of USTC, forming a distinct
high-speed belt with steep spatial gradients—a distribution that was spatially consistent
with the location of severe convection. These features demonstrate that the 700 hPa layer
dominated by rotational ascending motion represented the mature stage of the convective
system. Reduced surface friction at this altitude allowed the cyclonic circulation to couple
efficiently with the vertical uplift, forming the critical dynamic framework that maintained
hail and other severe convective processes.

As illustrated in Figure 2(c1–c4), the 500 hPa wind field was characterized by prevailing
zonal (east–west) uniform flow, with negligible rotational characteristics and a dominant
westerly to southwesterly wind direction. In sharp contrast to the cyclonic patterns in the
lower (850 hPa) and middle (700 hPa) layers, no cyclonic bending was detected at this
altitude. The wind speed field displayed a homogeneous distribution with a substantial
magnitude, indicative of the upper-tropospheric jet stream. Functioning as the steering
layer for the convective system, the 500 hPa flow contributed to intensifying low-level
convergent uplift through the jet-induced suction effect.
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Figure 2. Horizontal wind field at four key instants before, during and after the hail event based on
ERA5 reanalysis data. The black pentagram represents the location of USTC.

Figure 3 displays the vertical profiles of wind fields and relative humidity at 117.25◦E
(USTC longitude), with data sampled at 19:00, 20:00, 21:00, and 22:00 LT. Beneath 700 hPa,
a continuous high-humidity region persisted from 19:00 to 22:00 LT, where the wind field
exhibited a weak upward convergent motion. As a dedicated moisture source for the
convective system, this layer furnished the essential water vapor required to fuel severe
convection. In the middle-upper troposphere (above 700 hPa), a distinct dry, warm lid
existed between 300 hPa and 400 hPa. This lid suppressed the upward movement of
warm and moist air from the lower troposphere, indicating that hail clouds are mainly
concentrated at altitudes above 600 hPa.

Figure 4 shows the FY-4A satellite cloud classification product from 20:45 to 21:30 LT.
It can be observed that the area over USTC was located at the boundary between liquid
water clouds and supercooled water clouds at this time, which provided sufficient moisture
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conditions for the formation and growth of hail. Hail particles are primarily formed by
accreting supercooled liquid cloud droplets and raindrops within the updrafts of convective
clouds. Under rapid growth conditions, the collection of supercooled liquid water by hail
releases latent heat during freezing, which may warm the hail surface to 0 ◦C and maintain
a thin layer of liquid water on its surface [37].

 

Figure 3. The distribution of ERA5 data of wind vector and relative humidity in the vertical profile of
USTC longitude at four key instants before, during and after the hail event. The black pentagram
on the ground represents the location of USTC. The white curve represents isotherm ranging from
−30 to 20 ◦C.

 

Figure 4. CLT product of FY-4A satellite from 20:45 to 21:30 LT on 10 September 2020. The black
pentagram represents the location of USTC. (a) shows CLT product across the China region at 21:00 LT;
the white square indicates the precipitation region. (b–e) show CLT product distribution of the hail
event at different times. The black pentagram represents the location of USTC. The orange arrows
represent the wind vector.
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However, spatially continuous satellite imagery indicates no prominent deep convec-
tive clouds at high altitudes over the Hefei region, despite abundant atmospheric moisture
and the observed occurrence of surface hail. As illustrated in Figure 3, the atmospheric col-
umn exhibits a typical structure of warm and moist air in the lower troposphere overlain by
dry and cold air intrusions in the middle troposphere, resulting in a distinct upper–dry and
lower–moist vertical stratification. Such a configuration is conducive to the development
of shallow convection rather than vigorous deep convection [38]. Sufficient supercooled
water droplets are concentrated within the temperature layer from −10 ◦C to 0 ◦C, allowing
graupel particles to grow into small hailstones through repeated collision and coalescence
with supercooled water under relatively weak updrafts [39]. Due to the limited intensity
of updrafts, hailstones fall to the ground rapidly, while cloud tops fail to develop upward
to the −30 ◦C level where ice crystals are abundant, thus leaving no obvious signature of
ice-dominant deep convective clouds in satellite observations.

3.3. Further Discussion

To further confirm the hydrometeor types during the actual precipitation process, the
particle size and velocity distributions recorded by the Parsivel2 were analyzed for the
pre-hail period and the one-hour window of hail occurrence, as presented in Figure 5. The
black line corresponds to the Atlas raindrop size–velocity empirical model [40], and the
red line represents the size–velocity parameterization for hail proposed by Heymsfield
and Wright [41]. It can be observed that the particles in Figure 5a are generally consistent
with the raindrop curve. In contrast, the particle distribution in Figure 5b does not fully
conform to the Atlas raindrop size–velocity empirical equation; most particles lie between
the raindrop and hail curves.

 

Figure 5. Diameter–velocity distribution of precipitation particles on 10 September 2020:
(a) 0:00–20:59:50 LT, before hail event; (b) 21:00:00–21:59:50 LT, 1 h containing hail event. The black
and red curves represent the diameter–velocity relations of raindrops and hail, respectively.

This discrepancy is attributable to the irregular, flattened shape of hail particles:
for particles of identical size, flattened hail particles have a lower mass than spherical
equivalents, leading to reduced terminal velocities [42]. The mixed presence of such
low-velocity hail particles and normal raindrops thus yields the bimodal-like distribution
spanning the two curves. Additionally, particles larger than 5 mm account for less than
20 samples, and the particle population is dominated by small-sized hydrometeors. This
observation confirms that the surface hail event manifested as a mixed phase of small hail
particles and raindrops, which is in good agreement with the conclusions drawn from the
meteorological background analysis.
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Figure 6 shows the power spectrum detected by the CDL at different altitudes for
three typical precipitation events. Each spectrum is normalized to its peak intensity (set
to the maximum value), and SW denotes the spectrum width of the raw power spec-
trum. Specifically, the spectrum at 10:32:39 LT corresponds to light rain (precipitation
intensity < 5 mm/h), the spectrum at 21:11:33 LT coincides with the hail occurrence time
documented by the Parsivel2, and the spectrum at 21:22:33 LT represents heavy rain (pre-
cipitation intensity > 30 mm/h). Table 3 lists the vertical velocity, spectrum width, and
skewness derived from these three cases after removing the aerosol spectrum contribution.

 

Figure 6. (a1–c1) are the Doppler power spectrum intensities at different times by CDWL. The
three white lines correspond to heights of 0.3 km, 0.15 km, and 0.06 km, respectively. (a2–c4) are
the corresponding detailed Doppler spectra and multi-component Gaussian fitting curves at these
three heights. Blue dots represent raw data, the black curves represent the Gaussian fitting, yellow
regions represent aerosol signals, and the blue region represents precipitation signals (including
raindrops and hail particles).

As can be seen from Figure 6 and Table 3, the power spectrum exhibited a bimodal
distribution during both light rain and heavy rain events. After removing the aerosol signal,
the velocities derived from the precipitation spectra were consistently below 5 m/s, and
the skewness values were close to 0, indicative of symmetric power spectrum profiles.
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Table 3. Characteristic parameters of precipitation power spectrum.

Local
Time 10:32:39 21:11:33 21:22:33

Height (km) 0.3 0.15 0.06 0.3 0.15 0.06 0.3 0.15 0.06
Velocity (m/s) 4.64 3.54 3.58 7.44 7.70 6.42 4.41 4.75 4.79

Spectrum width (MHz) 8.69 7.43 8.63 9.12 9.08 10.17 6.70 6.30 5.68
Skewness −0.09 0.11 0.03 −0.75 −0.99 −0.71 −0.15 0.05 −0.16

Compared with heavy rain, light rain was characterized by a lower signal intensity but
broader spectrum width. This discrepancy arises from the fact that small raindrops have
weaker inertia and are thus more easily perturbed by environmental turbulence, resulting
in an expanded velocity spread and enhanced Doppler broadening without altering the
symmetric nature of the precipitation spectrum. On the other hand, the hail event was
marked by pronounced increases in velocity, spectrum width, and absolute skewness.
These unique power spectrum features stem from the complex microphysical processes of
hail particles during descent: under the influence of gravity and temperature, hail particles
undergo continuous acceleration, mutual collision, and partial melting, which reduces their
particle size and generates a mixture of residual hail fragments and liquid droplets.

A comparison of precipitation spectra between 0.3 km and 0.15 km reveals that the
0.15 km spectrum exhibits a higher vertical velocity, negligible change in spectrum width,
and skewness value approaching −1. This trend arises because particles that have fully
melted into raindrops fall more slowly, whereas the faster-moving, partially melted hail
particles dominate the signal, leading to an increased leftward skew of the spectrum.
During further descent to 0.06 km, additional hail particles undergo melting, producing a
greater proportion of low-velocity raindrops. This shift in particle composition leads to
a reduction in the mean vertical velocity of the spectrum, an expansion of the spectrum
width due to the mixed particle velocities, and a decrease in the absolute skewness value
as the spectrum becomes more symmetric.

When comparing precipitation spectra from hail and heavy rain events at the same
timestamp (21:22:33 LT), several key differences in power spectrum characteristics become
apparent. Hail events exhibit higher vertical velocities, exceeding 6 m/s near the surface,
contrasting with the sub-5 m/s velocities measured during heavy rain. The spectrum width
during hail events exceeds 9 MHz, which is notably larger than that of heavy rain, though
comparable to light rain levels. The most striking discrepancy lies in skewness: during
hail events, skewness ranges from −0.71 to −0.99, whereas both light and heavy rain
events yield near zero skewness values, reflecting the asymmetric nature of hail particle
velocity distributions.

To enhance the identification and separation of precipitation and hail signals from
Doppler power spectra, we performed a statistical analysis of characteristic parameters
across additional precipitation events on the observation day. A dataset of 1595 points
was compiled from the 0.03–0.3 km altitude range (0.03 km vertical resolution), including
velocity, spectrum width, and skewness, with the results shown in Figure 7.

Velocity was categorized into four bins: 0–2 m/s, 2–4 m/s, 4–7 m/s, and >7 m/s.
Points with extremely low skewness in the 0–2 m/s bin are likely artifacts from noise,
where aerosol-dominated spectra were incorrectly identified as precipitation. Given that
aerosol vertical velocities under convective conditions rarely exceed 2 m/s [43], only
velocities >2 m/s are treated as valid precipitation signals.

Notably, spectrum width shows a significant variability near 3 m/s. Based on Atlas,
Srivastava and Sekhon [40], a rainfall velocity of about 3 m/s corresponds to a raindrop
diameter of about 0.73 mm. These small droplets exhibit weak backscattering and fall at
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velocities comparable to aerosols, making it challenging to deconvolve their overlapping
Doppler spectra. This leads the bimodal Gaussian fitting to converge to a local optimum,
introducing substantial errors that result in either inflated or deflated spectrum width
estimates [44].

 

Figure 7. Statistical results of precipitation data from that very day. (a) shows the scatter plots of
spectrum width versus velocity. (b) shows the scatter plots of skewness versus velocity. (c) shows
the scatter plots of skewness versus spectrum width. The blue triangles, light-green circles, yellow
squares, and red pentagrams represent data points with velocities less than 2 m/s, between 2 and
4 m/s, between 4 and 7 m/s, and greater than 7 m/s, respectively.

In the 4–7 m/s range, spectrum width is more clustered, with most absolute skewness
values below 0.5. In contrast, points with velocities > 7 m/s predominantly show a
spectrum width > 7 MHz, while those in the 4–7 m/s range mostly lie between 5 and
7 MHz, with absolute skewness values approaching 1. The hail events produce multimodal
power spectra due to the partial melting of hail particles (Figure 6), but this analysis relied
exclusively on bimodal Gaussian fitting for all data. This discrepancy may account for the
occurrence of data points with anomalously low spectrum width or near zero skewness.

4. Conclusions
Hail events are characterized by rapid onset, posing substantial challenges to short-

term nowcasting operations. To address this critical issue, this study presents an in-depth
analysis of CDL power spectra collected during a hail event that occurred on 10 September
2020 in Hefei. A Gaussian fitting method was employed to eliminate aerosol signal interfer-
ence, thereby isolating valid precipitation signals for subsequent analysis. Comparative
assessments were conducted across three distinct precipitation scenarios, light rain, heavy
rain, and hail, with statistical analyses used to delineate the unique power spectrum
characteristics of hail events.

The statistical results presented above clearly demonstrate that hail and rainfall yield
distinguishable characteristics in CDL power spectra. Specifically, precipitation signals
associated with hail are characterized by higher vertical velocities; moreover, within the
high-velocity signal category, hail containing precipitation is further differentiated by
wider spectrum widths and absolute skewness values close to 1. Notably, the hail event
in this study formed under weak convective conditions, resulting in the co-occurrence
of hail particles and raindrops. Even under this mixed-phase precipitation scenario, the
CDL power spectrum enabled the identification of periods dominated by hail particles.
Leveraging the superior spatiotemporal resolution of lidar systems, this power spectrum
discrimination method holds the potential for delivering high-precision observational data
to support the nowcasting of hail events.
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In future work, we will analyze hail events in different regions and seasons to accu-
mulate hail samples. Using size, velocity, and CDL power spectrum parameters, we will
further develop and iteratively optimize the CDL hail identification algorithm. We will also
attempt to enhance the cloud penetration capability of the system by increasing laser power,
which will facilitate the investigation of particle velocity variations within hail clouds and
support the development of early warning systems for hail precipitation. We also plan to
integrate polarization detection into the lidar system to enable more detailed observations
of particle phase transitions in hail clouds.
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