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Abstract: Our study and analysis of the distribution differences in raindrop spectra in a Guizhou
precipitation prediction model were of great significance for understanding precipitation micro-
physical processes and improving radar quantitative precipitation prediction. This article selected
the Dafang, Majiang, and Luodian stations at different altitudes in Guizhou and analyzed the dis-
tribution characteristics of precipitation particles at different altitudes. This article used precipita-
tion data from the new-generation Doppler weather radar, OTT-Parsivel laser raindrop spectrome-
ter, and automatic meteorological observation stations in Guiyang via M-P and GAMMA and es-
tablished methods to fit the particle size of raindrop spectrum precipitation. Based on the LSTM
neural network method, we constructed a precipitation prediction model for Guizhou and con-
ducted performance testing. The results show that (1) the precipitation particles at the three stations
are all concentrated in small particle size areas, with a peak value of 0.312 mm and a final falling
velocity of 1-5 m/s, and the particle size increases with a decreasing altitude. The contribution rate
to the density of particles with a precipitation particle size of less than 1 mm exceeds 80% and de-
creases with a decreasing altitude. The average volume diameter of precipitation particles has the
highest correlation with the precipitation intensity. (2) In the fitting of the raindrop spectrum distri-
bution, the GAMMA distribution fitted by the three stations has a better effect and the fitting effect
gradually improves with an increasing altitude. (3) In precipitation prediction for convective clouds
and stratiform clouds, the 60 min prediction results are the most consistent with the actual precipi-
tation, with correlation coefficients of 0.9287 and 0.9257, respectively, indicating that the prediction
has high reliability.

Keywords: raindrop size distribution; microphysical characteristics; LSMT neural network; precipitation
forecasting

1. Introduction

Precipitation is closely related to human life and impacts crop production, transpor-
tation, and the natural environment. Therefore, quantitative precipitation estimation
(QPE) has always been a focus in meteorological and hydrological fields [1]. The uneven
and unstable spatiotemporal distribution of precipitation are important causes of natural
disasters such as floods. Large-scale macroscopic climate conditions and small-scale mi-
croscopic physical processes are important factors determining the formation of precipi-
tation [2,3]. From 20,00 on 9 August 2019 to 20,00 on 13 August 2019, heavy precipitation
hit Shandong Province. Shen Gaohang et al. (2021) used RSD data and double-polarized
Doppler radar data to analyze minute precipitation at Zhanggqiu Station during this time
[4]. These data have played a key role in forecasting. Therefore, as an important indicator
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reflecting the changing process and internal mechanism of precipitation, RSD plays a sig-
nificant role in evaluating the effects of weather modification and improving the accuracy
of radar quantitative prediction. In addition, frequent precipitation leads to frequent nat-
ural disasters, such as flash floods, landslides, and mudslides, meaning that making
nearby precipitation forecasts for the Guizhou region is of great significance.

The study of RSD has a long history. Since the 1960s, research has been carried out at
home and abroad, and a series of important results has been achieved. In recent years,
many meteorologists have studied the application of RSD and Doppler weather radar
products. The results show that the most-frequently occurring size of raindrops is about
0.5 mm in diameter [5]. Zeng Guangyu et al. (2021) established the CSU-LPA algorithm
based on the data from an S-band dual polarization radar, a rain gauge, and laser RSD
measurements [6]. Rivelli Zea Lina et al. (2021) analyzed the RSD at watersheds in Amer-
ica, using the covariability between the physical parameters of vertical raindrop size dis-
tributions to suggest that the precipitation observed in Cérdoba may confuse existing
methods using droplet size distributions to determine rain types [7]. Francois Mercier et
al. (2016) proposed a new framework for retrieving vertical raindrop size distribution and
wind vertical profiles during light rain events to better characterize the microphysical pro-
cesses of rainfall [8]. Small-scale microphysical processes are important factors determin-
ing the formation of precipitation. Laser raindrop spectrometers are a new generation of
ground-based particle measurement devices that can detect the distribution of ground
precipitation droplet spectra and describe the microphysical processes of precipitation in
detail. The distribution characteristics of raindrop spectra have a profound impact on the
causes of precipitation formation, precipitation process evolution, and the weather radar
prediction of precipitation. Adding observation data from raindrop spectrometers can
gradually improve the simple precipitation prediction model based on single weather ra-
dar data, to create a multi-source complex model. Many previous studies to improve pre-
cipitation prediction accuracy have mainly depended on improving the quality of meas-
urement data or seeking combinations of physical variables that have a strong correlation
with the predicted results.

At present, precipitation forecasting methods mainly include the weather radar de-
tection echo extrapolation method, the conceptual model forecasting method, the numer-
ical model forecasting method, etc. Zhu Ping et al. (2008) used the ground-based volume
measurements of the scanning Doppler weather radar to extrapolate the echo data from
its intensity data [9]. Liu Guozhong et al. (2009), through mathematical statistics and cli-
mate analysis methods, obtained the distribution characteristics of the significant in-
creases and drops in 24 h maximum and minimum temperatures over the Baise weather
station and obtained its interval division and categories [10]. Cheng Conglan et al. (2013)
integrated radar extrapolation proximity forecasting and mesoscale numerical model
forecasting technology, and they conducted nowcasting experiments on lightning, heavy
rain, and precipitation, respectively. Through experimental analysis, it is concluded that
these three methods have large errors in forecasting. To solve this problem, we propose a
novel method based on the neural networks [11].

With the development of machine learning (ML), more and more technologies in this
field are being applied to the meteorology field. Many scholars at home and abroad have
achieved outstanding work using machine learning to forecast weather. Since a neural
network is a method with strong nonlinear adaptive information processing ability, it can
extract the feature information from the input training samples and store the conversion
relationship between the input and the output inside the network to achieve the goals of
recognition and prediction [12]. For example, Suhail Sharadqah et al. (2021) tested rainfall
data using NAR models [13]. Gunathilake Miyuru B et al. (2021) used artificial neural net-
work combined with remote sensing information for precipitation estimation [14]. Zhang
Shuai et al. (2017) compared prediction results by building long short-term memory net-
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work models, feed-forward neural network models, integrated moving average auto-
regressive models, and wavelet neural network models. All reflected the superiority of
artificial neural networks in predicting precipitation [15].

At present, most meteorological precipitation forecasts are performed using a single
detection data source, and there is a strong dependence on the reliability of the single
detection data. Therefore, this paper aims to establish a multi-source data fusion precipi-
tation prediction model based on weather radar RSD and automatic rain gauge data, in
order to reduce the impact of single data quality on precipitation calculation and improve
the accuracy of precipitation prediction.

This article selected the new generation Doppler weather radar (CINRAD/CD type) data
with a time resolution of 6 min from March to September in 2020 at Guiyang, as well as the
OTT- Parsivel raindrop spectrum and rain gauge data with a time resolution of 1 min from
Dafang, Majiang, and Luodian stations to analyze the characteristics of Guizhou and precipi-
tation drop spectra. The LSTM neural network method is used to study the prediction of
nearby precipitation in Guizhou. Except for the introduction in the first section, the main con-
tents of the other parts of the article are as follows: The first part introduces the detection in-
strument information and multi-source data quality control methods used in the experiment;
The second part introduces some research methods used in the research process; The third
part evaluates the fitting of precipitation particle parameters and raindrop spectral distribu-
tion within the study area; The fourth part is to build an LSTM neural network to verify the
effectiveness of prediction models for convective and layered cloud precipitation processes;
The fifth part summarizes the experimental results of this article.

2. Data Sources

Guizhou Province is located in the east of the Yunnan-Guizhou Plateau in southwest
China. The terrain in Guizhou Province is high in the west and low in the east, which
slopes from the middle to the east, south and north, with an average altitude of about 1100
m. Its landforms are mainly of plateau mountains, hills, and basins, of which the mountain
and hilly types account for 92.5% of the total area. It is reflecting the complex geomor-
phology of Guizhou Province and high-frequency precipitation characteristics. Therefore,
this paper selects the circle research area centered at Guiyang radar with the radius of 150
km, where the radar detection data quality in this range is high and the RSD site is evenly
distributed. The OTT-Parsivel disdrometer is used in this paper, which is an instrument for
optical measurement of RSD based on modern laser technology, and the weather radar is a
new generation of Doppler weather radar (CINRADCD). The topographic map and the dis-
tribution of RSD stations and radar stations in the study area are shown in Figure 1.
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Figure 1. Study area radar and RSD site distribution.
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The OTT-Parsivel disdrometer measures particle sizes from 0.2 mm to 5 mm for lig-
uid precipitation types and 0.2 mm to 25 mm solid precipitation types, and can measure
precipitation particles at speeds from 0.2 to 20 m/s. It classifies the measured particles in
two dimensions of diameter (D) and velocity (V), with 32 intervals set in each, resulting
in a total of 32 x 32 = 1024 particle types. In addition, the disdrometer stores the retrieved
precipitation intensity, retrieved radar reflectance sensor status, and original particle spe-
cies data as binary data files every 5 min.

CINRAD/CD type new generation Doppler weather radar has the following specifi-
cations, wavelength range 1.5-3.75 m, frequency range 4000-8000 MHz, beam width of
about 1 °, reflectivity factor distance resolution of 250 m, maximum detection distance of
250 km. The radar common body sweep mode is VCP21, that is, a body scan can scan 9
elevation angles in 6 min, the elevation angles are 0.5°, 1.5°, 2.4°, 3.4°, 4.3°, 6.0°, 9.9°, 14.6°,
and 19.5°. 2 Analysis of raindrop spectrum characteristics of precipitation 2.0 Sketch out

Raindrop size distribution plays a crucial role in the study of microphysical precipi-
tation processes because it has a profound impact on precipitation formation, the evolu-
tion of precipitation processes, and the quantitative estimation of precipitation by weather
radar. In this paper, the data of RSD in Guizhou Province from March to September in
2020 are used to analyze the difference of RSD under different geographical situation, and
to provide basis of data selection for the subsequent precipitation prediction with the use
of the neural networks. Table 1 shows the basic information of the selected RSD stations.
All three stations characterize by the subtropical monsoon humid climate, and the moun-
tainous topography and landforms. Three stations with different altitudes are selected to
study the influence of altitude on precipitation particle spectrum distribution through sta-
tistical analysis of data samples.

Table 1. Basic information of RSD site.

Site Number Site Name Geographic Coordinates Altitude
57708 Dafang 105.60° E, 27.13° N 1722.7 m
57828 Majang 107.58° E, 26.50° N 985.0 m
57916 Luodian 106.76° E, 25.43° N 441.5m

In order to study the differences in the distribution of raindrop spectra in different
geographical backgrounds, analyze the influence of altitude on the distribution of precip-
itation particle spectra, and provide data selection basis for neural network prediction of
precipitation models. This study selected observation data from three different altitude
raindrop spectrometer stations, namely Dafang, Majiang, and Luodian. Table 1 shows the
basic information of the selected raindrop spectrometer stations.

Selecting the new generation Doppler weather radar (CINRAD/CD type) with a time
resolution of 6 min from March to September 2020 in Guiyang, as well as the OTT Parsivel
raindrop spectrum and rain gauge with a time resolution of 1 min from Dafang, Majiang,
and Luodian stations. The three-sources data mainly considered the matching of weather
radar and raindrop spectrometer in space. There is a strong correlation between weather
radar detection data and precipitation data from the first 6 min in terms of time. Based on
the radar data with the lowest time resolution, the raindrop spectrometer and automatic
rain gauge data are reorganized according to the first 6 min of radar time to ensure that
each sample of the three-sources data contains the same time to complete time matching.

2.1. Spectral Parameter Calculation
2.1.1. Data Quality and Methods

Particle density N(D) represents the total number of raindrop particles per unit vol-
ume, with the unit m=3 mm-!, and is calculated as follows,
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where n; represents the number of particles in i-th diameter bin and the number of parti-

cles in the j-th velocity bin; A is the sampling base area of RSD, equalling to 5400 mmz; A7
is the sampling time 60 s; V; is the velocity value of the sampled particle in m/s.

2.1.2. Radar Reflectivity Factor

The radar reflectance factor, in mmeé/ms3, is calculated as follows,

Z=Y NDD/ @

i=1

2.1.3. Precipitation Intensity

The precipitation intensity is the precipitation per unit time, with the unit mm/h. The
calculation formula is as follows,

67[ 32 3

=1 2D V(DND) )
i=1

where D represents the diameter of the sampled particle, N(Di) is the number of particles

at the current particle diameter and particle velocity [16].

2.1.4. Average Diameter

The average diameter is the sum of the diameters of all raindrops divided by the total
number of raindrops, which is calculated as follows,

32
2 N(D)D,
Dl — =l

32 (4)
2 N(D)

2.1.5. Mass-Weighted Average Diameter

The mass-weighted average diameter is the average diameter of the diameter
weighted mass of all particles in a unit volume relative to the total mass of particles, in
mm, and the calculation formula is as follows,

32
Y ND)D;
D’H = ,3:21 (5)
Y ND)D;
i=1

2.1.6. Average Volume Diameter

The average volume diameter represents the diameter of an equivalent raindrop whose
volume is equal to the average raindrop volume, in mm, and is calculated as follows,

1

32 S B
Y N(D,)D,
D =|-id

e (6)
2 N(D)
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2.1.7. M-P Distribution and GAMMA Distribution
M-P distribution, which can be used to describe the spectral distribution of raindrops
using an exponential function, is calculated as follows,

N(D)= N,xexp(-A4D) (7)

where the particle number density parameter No is in mm™ m3, and the particle scale
parameter A is in mm- [17].
In order to describe the RSD more accurately, Ulbrich proposed a method based on

the M-P distribution to treat the RSD as a GAMMA distribution, and the calculation for-
mula is as follows,

N(D)=Ny,xD*"xexp( —AD) 8)

where the form factor # is a dimensionless parameter. The function curve is curved
upwards when H>0 . The function curve is curved downwards when # < 0 [18]. The

formula becomes an M-P distribution when # = 0 .

2.2. Raindrop Size Distribution Analysis
2.2.1. Particles Are Distributed and Proportion

In Figure 2, the x-axis represents the particle size, with the unit mm. The y-axis rep-
resents the final falling velocity of the particle, in m/s. The color scale represents the par-
ticle number density in units. And it is arranged from top to bottom in descending order
of site altitude, and the results shown are the average data of RSD inversion from March
to August in 2020. The following conclusions are drawn from the figure, first, the particle
distributions of three stations are similar, showing that the particles are concentrated in the
smaller particle size range with the peak value being 0.312 mm. Second, the final falling veloc-
ity of raindrops is almost the same and its mainly distributed in the range of 1-5 m/s; Third,
the particle number density spectrum width increases with the decrease of altitude.

57828 paricle distribation

12 12 5§7916 purticle distnbution
10 10{ C
Parncle density 8 Particle deasity 8 Paticle damsaty
40.0 = 40.0 > 40.0
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Figure 2. Particle distribution (a) Dafang (57708) Station, (b) Majiang (57828) Station, (c) Luodian
(57916) Station.

2.2.2. Particle Number Density and Proportion of Precipitation Intensity

Here, the sample of RSD is divided in to three ranges (D <1 mm, 1 <D <2 mm, D>2
mm) according to the particle size, then Statistical analyses are performed separately. As
shown in Figure 3, small raindrops are an important component of the size spectrum in
the three stations. With the decrease of altitude, the ratioproportion of small particle over
total particles decreases, while the number of large size particles increases. The key reason
may be that the collision and growth process of raindrops during the falling process. con-
sumes those small-sized particles and increases the concentration of those large-sized par-
ticles. Moreover, in terms of precipitation contribution rate, in Dafang (57708) station and
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Majang (57828) station, the precipitation intensity are mainly provided by small size par-
ticles. While particles larger than 1 mm particle size can provide a higher precipitation
intensity with need to only a lower particle number density, which is caused by the sen-
sitivity of precipitation.

N 57708 precipitation of particle number density 60.98 N 57708 Proportion of precipitation intensity
mm 57828 precipitation of particle number density 60 lmm 57828 Proportion of precipitation intensity
5 o iol enaity A intonaity

"

8822 g7 47

number d

m— 57014 D;. acmciiiey

80

60

Proportion %

20

0-1mm 1-2mm >2mm 1-2mm
Particle diameter (mm) Particle diameter (mm)

Figure 3. Particle density and intensity proportion precipitation intensity.

2.2.3. Z-I Relationship

The source data shown in Figure 4 are the precipitation samples from March to Sep-
tember in 2020 at the three stations, and the curve is the fitting result of source data using
the least square method. The site fitting curve of Dafang (57708) is Z =176.56x1"", the
fitting curve of Majiang (57828) station is Z=15394x/"*, and the fitting curve of Luodian
(57916) stationis Z = 204 .78 x I''"* . Compared with the classical radar quantitative pre-
cipitation estimation curve Z=300x/"*’, the coefficient values are quite different. If the
classical Z-I curve is used for precipitation estimation, the precipitation will be underesti-
mated to a certain extent under the same radar reflectance factor.
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Figure 4. Z-I diagram intensity to particle diameter.

2.2.4. Raindrop Size Distribution Fitting

Figure 5 are the fitting curves of the M-P and GAMMA distribution by using the least
squares method, in which the x-axis represents the particle diameter and the y-axis repre-
sents the particle number density. Furthermore, the data sample is the precipitation base
data of the three stations from March to September in 2020, and the distribution of precip-
itation particles in the rainfall process of the three places is analyzed by the average par-
ticle density spectrum. It can be seen from Figure 5 that the precipitation particle spectra
of the three places are unimodal, with a peak of 0.312 mm. In addition, the raindrop spec-
tra of Dafang (57708) station with a higher altitude have a higher particle concentration of
small particle size (D <1 mm), while Luodian (57916) station with a lower altitude occu-
pies a higher particle concentration in a different size bin (1 <D <3 mm).
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Figure 5. Average RSD, M-P distribution and Gamma distribution fitting ((a) Dafang (57708) Sta-
tion (b) Majiang (57828) Station (c¢) Luodian (57916) Station).

2.2.5. Particle Diameter Fitting

In Figure 6, the x-axis represents the precipitation intensity (PI), the y-axis represents
the precipitation particle diameter, and the simulated value of PI ranges from 0 to 150
mm/h. The following conclusions are drawn from the figure, first, the fitting curve of the
average diameter of rainfall in the three stations in 2020 has a small variation with the
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increase in rain intensity. And only has significant changes when the PI is low, and basi-
cally maintains around 1 mm without much fluctuation in the area with large PI. Second, the
average diameter is the lowest of the three diameters in the range of the simulated value of PI;
the mass-weighted average diameter and average volume diameter fit curve amplitude are
larger, where the average of the latter is relatively larger than that of the former.

2.5
2.095
- 5
£
5 1.5
Pl
3 I
2 v
‘é 1.0 '/’
<
0.51 — 57708 ——  Average diameter
— 57828 ==== Mass-weighted average diameter
0 0= 57916 sssssss Average volume diameter
0 30 60 90 120 150
Precipitation intensity (mmvh)

Figure 6. Fitting relation of particle diameter (57708, 57828, 57916).

Figure 7 shows a precipitation process in June at Dafang (57708) station. During the
early and late precipitation periods where the precipitation intensity remains low, the two
curves coincide with each other. But when the precipitation intensity is high, the perfor-
mance of the average volume diameter is significantly stronger than that of the mass-
weighted average diameter. According to the calculation, the correlation coefficients be-
tween the mass-weighted average diameter, and the average volume diameter and the
precipitation intensity are 54.84% and 69.15%, respectively, indicating that the average
volume diameter has a stronger correlation with the precipitation intensity.

T T T
I Precipitation intensity }
100 Mass-weighted average diameter 5
Average volume diameter
oy
g 80
A
! £
z g
2} -
5 60 13}
- 5]
g =)
= 3
kel 5
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g £
2 [
- 1
20 |
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1
i
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Time

Figure 7. Mass-weighted average diameter and average volume diameter change with precipita-
tion intensity.
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Based on the comparative analysis of the particle distribution and microphysical
characteristic parameters of the rainfall process mentioned above, it can be concluded that
in the precipitation process of the three stations, first, the particle landing velocity distri-
bution is very similar. Second, the particle size less than 1 mm contributes the most to the
particle density and decreases with the descending altitude. Third, the GAMMA distribu-
tion fit effect is better in the two distribution fittings, and average volume diameter than
mass-weighted average diameter fit better with variation in precipitation intensity.

3. Neural Networks Predict Precipitation
3.1. Predicting Neural Network Configuration
3.1.1. Prediction Network Structure

Based on the data of Guiyang weather radar, Dafang station raindrop spectrometer, and
automatic rain gauge, an LSTM neural network method was applied to construct a precipita-
tion prediction model for Guizhou. The start and end times of the data are shown in Table 2.

Table 2. Data Overview.

Data Status Starting Time Deadline Number of Samples
17 July 2019
. . 15 April 2019 0:00/ 23:58/
Raindrop spectrometer train 3 March 2020 0:04 30 June 2020 49,297
Weather radar
Automatic rain gauge 23:57
inspect 1 July 2020 0:03 18 6%‘?““ 2020 12,126

The prediction model adopts two independent LSTM neural networks, in which the
predicted values of precipitation and benchmark are given by prediction and benchmark
network. The actual prediction value is obtained by subtracting the output value of the
prediction network and the benchmark network, which the basic structure of the network
is shown in Figure 8.

&t
utput sequence
m LSTM(96)

Dropout(0.5)

%

Dropout(0.5)

BP(10)

Prediction network
HIOMIIU HIeW YUY

BP(10)

Dense(1) Dense(1)

AN

\_  omem )/

Figure 8. The basic structure of prediction neural network.

Firstly, the source data are fed into the LSTM layer for training. Then the Dropout
layer randomly discards half of the connected neurons to increase the network generali-
zation ability. Finally, output the training results through the BP layer and the single neu-
ron Dense layer without activation function.
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3.1.2. Prediction Dataset Construction

Neural network training requires feature values and prediction values, where the
former is the input that the neural network needs to learn and the latter is the output that
calculated by the neural network after a series of changes in the weight coefficients. In this
experiment, the selection of features first takes into account the physical quantities with a
strong correlation with precipitation intensity in the inversion parameters of the RSD,
which can be obtained from Equation (3). The particle diameter, particle fall velocity and
particle number density parameters are selected here as the input values due to the usage
in the precipitation intensity inversion of the RSD. In terms of radar reflectance intensity,
considering the distance between the RSD site and the radar station, the data in the 1-3
layers body sweep are selected as the feature input. Since the data of the rain gauge are
usually regarded as the true values from the precipitation measuring, they are selected as
the true value here. The parameters used in our research are shown in Table 3, and the
prediction values are measured by rain gauges.

Table 3. Estimation of neural network inputs.

Feature Value Estimated Values

Radar reflectance intensity (layer 1-3)
Particle number density retrieved by RSD
Average particle velocity retrieved by RSD

A rain gauge measures precipitation

Average volume diameter retrieved by RSD

If the prediction values were ahead time of the feature values, the neural network is
for precipitation prediction. After the data of the tipping bucket rain gauge, RSD and
weather radar are matched in time and space, their projections on the ground coincide.
The start time and end time of the corresponding samples are the same, of which the RSD
and weather radar data are used as feature values, with the tipping bucket rain gauge data
as the predictive value. The prediction dataset is constructed as shown in Figure 9.

=
e

Figure 9. Predictive dataset construction.

In Figure 9 X-Dataset represents the sequences set of the feature values, and Y-Da-
taset represents the sequences set of the prediction values, in which Xi, Xz, Xs...Xn corre-
sponds to Y1, Y2, Ys...Yn. And the input dataset of the neural network is constructed based
on two datasets above. Since precipitation is a continuous process in time and the intensity
is also continuously changed. When constructing the dataset need to consider the input
feature values to form a continuous time series. However, the prediction value consider-
ing the convergence speed and training accuracy of the neural network uses the accumu-
lation of the time series as the input.
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In Figure 9, X-Data and Y-Data are the input data sets of the neural network. Firstly, in
the first row of the first column of data, X-Data takes X1 to X10 as the features. In the second
column of the first row, Y-Data takes the sum of Y2 to Y11 as the prediction value. The starting
time of prediction value accumulation intervals is ahead of the feature value for one radar
body sweep time. Therefore, this set of data is the input of the first 10 radar sweep time to
predict the rainfall after 1 radar sweep time. Similarly, for the purpose of prediction after N
radar body sweep times, X-Data remains unchanged and Y-Data only need to move the start-
ing point for N times. Secondly, taking the sample count into account, it can be seen in the
vertical direction of the block diagram that the starting point of each group is shifted back one
sample time in turn, so that the time resolution of the constructed sample will be a single radar
body sweep time. The dataset constructed by sliding at this time resolution can not only max-
imize the use of samples, but also improve the ability of neural networks to calculate the start
and stop of precipitation. Although the two neural network structures are the same, there are
differences in the input sequence. Where the X-Data of the input are the same, but the input
Y-Data are different, as shown in Figure 10.

Prediction| ¥! “\'1: Prediction network inputs = sum(Y2,Y3,...Y11)
G-minute ("0 “y” [ 12 | Beachmsk neowork nputs = sun(Y2.Y3...Y10)
Prediction | Y! ¥2 “l‘mlmwnmhwrk e SR Y1D
12-minute " [ v2 —y” 12 | Benchmark network inputs = sum(Y3.Y4,..Y10)
ve | v7 [ vs | vo
vi|v2|v:] .\'n Y12 | Benchmark network inputs = Y10

60-minute

Prediction network inputs = sum(Y10.Y11....Y19)

Prediction

54-minute

Y1 Y2 Y3 |Y10 Y11 | Y12 | Benchmark network mputs = 0
Figure 10. Prediction network and benchmark network inputs.

In Figure 10, the prediction input of the prediction network keeps the accumulation
of the 10-time body scan data unchanged, and slides for one body scan time sequentially
along the time axis according to the prediction time. The prediction value of the bench-
mark network remains unchanged at the last one Y10, and the starting time is moved back
along the time axis by 1 time according to the prediction time. The method of subtracting
the training results from the prediction network and the benchmark network has the follow-
ing advantages over the method of direct prediction, (1) The use of dual network training can
reduce the systematic error in the training process. (2) Compared with direct prediction, the
dual network is more accurate in predicting within 60 min. (3) Parameter configuration.

Neural network training is a very complex process. With the increase of network
depth, neurons, feature values and other factors, activation function, network hyperpa-
rameters to the neural network convergence speed and training accuracy is crucial. And
some of the parameters in the LSTM network as shown in Table 4.

Table 4. LSTM network parameters.

LSTM Network Parameters

Activation function Relu
Dropout coefficient 0.5
Loss function Mean Absolute Error
Initial learning rate 0.1
Dynamic learning rate Patience 50
factor 0.1

Optimizer Adam




Atmosphere 2024, 15, 495

14 of 19

Training batch size 32
Number of iterations 2000
The test set picks the scale 20%

3.2. Prediction Result Evaluation
3.2.1. Prediction of Convective Cloud Precipitation Process

A convective cloud precipitation event is selected on July 18, and the precipitation
forecasts of 6 min, 18 min, 30 min, 60 min, 90 min and 120 min are carried out at the Dafang
(67708) station, with the precipitation process began at 21,05 on 18 July 2020 lasting about
7 h from that time on. In this case the precipitation is 37.3 mm, the precipitation intensity
inverted by RSD peaked with the value being 26.78 mm/h.

Table 5 was the evaluation index of neural network precipitation prediction, and it can
be seen from the table that the real-time correlation coefficient and the optimal average relative
error of the prediction 60-min network in the prediction time point reaches 0.9287 and 0.3897,
respectively. The real-time prediction with time resolution more than 60 min is the same. Be-
sides, the 60-min prediction index is better than the 90-min and 120-min forecast as a whole.
In the 60-min prediction the good performance of the real-time correlation coefficient and the
mean relative error indicates that it has a better performance in predicting the precipitation
trend and the precipitation intensity consistency compared with other times.

Table 5. Prediction and evaluation index of neural network of convective cloud precipitation process.

Neural Networks Prediction Time Real-Time Correlation Number MRE MAE RMSE

6 min 0.4763 0.6222 0.2660 0.5807
18 min 0.8617 0.5129 0.4177 0.8843
30 min 0.8874 0.5994 0.5456 1.0824
60 min 0.9287 0.3897 0.8057 1.6419
90 min 0.8203 0.4522 1.1601 2.5705
120 min 0.6061 0.4077 1.6566 3.6103

Figure 11 shows that the deviation at the beginning of the two precipitations always
tends to be negative, indicating that the prediction value is underestimated compared to
the rain gauge detection value. That is, the rain gauge detects precipitation earlier than
the neural network. Due to the principle and characteristics of the detection instrument,
the neural network input feature parameter can capture the precipitation information of
the priority rain gauge, but sometimes the rain doesn’t exist near the measurement area
at all. That’s because the neural network input can only determine the occurrence of pre-
cipitation when there is enough precipitation information. If the actual raining time is
short, the neural network can ignore the precipitation process easily.



Atmosphere 2024, 15, 495

15 of 19

T T T T . . . .
16 \naanass Raln gange measures precip 41 1 Masasas | Rala progt messures precipkatientt 15 o ) ’ ¥ 0.
— Rain gauge measeres precipitation =4
e a = LSTMANN predict precipitation i b LSTM-NN predict precipitation C s LSTM-NN predict precipitation
s Deviation 1 — Deviation 10 S — Deviation qro
E 2 5 - L : 12
H = s g 5
310 310 A § g0
£ £ 3 E
g 03 “ ’\ £ S
K3 0F Jb—— 0L
£ £ s 2 s i
3 £ ') ' T = 2
i - 83 i
I 43 6 5 §o -~
H H i
2 - !
» !
4 4 o 10
2 i l 2 " 2 yit
} -15 J I ' N i
Y —
0 — 0 h o550 21:15 233 01.52 04:07 06:21
19:01 21:15 23:36 01:52 04:07 06:21 19:01 21:15 23:3 01:52 04:07 06:21
07/18 0718 07/18 07/19 07/19 07/19 07/18 0718 07/18 0719 07/19 07/19 07/18 07/18 08 L, 99 07/19 07/19
Time Time
T T T T T T T T T T T
16 w——— Rain gauge measures 16 —Rain gauge measures p =15 16 — Rain gauge measures precipitation 1 15
d LSTM-NN predict precipitation e s LSTM-NN predict precipitation f LSTM-NN predict precipitation
14 14 - 14 -
e Deviation —Deviation 10 —Deviation 10
T2 ' 12 1 12
L} 0 s £ 45
z H z
H L ]
30 § 10 f-npemmmemmeneeto e et 210 ¥ H
g 3 z g
K} — ] 0 =
s — g 8  —| | 0 £Es N M i
s s :
i 3 i H i s
H H %5 & & 4 -5
E6 ' HE { I 5§ !
| | i H
L {
4
4 4 ‘ 1 =10
2 2 ?
-1t } J ! i
i 0 i 9 :
0 19:01 21:15 23:36 01:52 04:07 06:21
" : . 19:01 21:15 23:36 01:52 04:07 06:21 7 7 p y X
o e o - e o & o ws wns o9 o9 09 NS WS B 0N S
me me

Figure 11. Real-time prediction of convective cloud precipitation process by neural network ((a)
6 min, (b)18 min, (c) 30 min, (d) 60 min, (e) 90 min, (f) 120 min).

There is a significant difference between the rain gauge and the neural network pre-
diction of rainfall during the precipitation process. The real-time correlation coefficient
reflects the gap between the neural network’s real-time rainfall prediction and the rain
gauge detection result, which can be reflected in the time mismatch and numerical gap.
Since the prediction is using the data of the first 1 h to predict the future time. When the
precipitation intensity changes drastically and the input feature value of the neural net-
work has not yet received the change, but the ground rain gauge detection data will be
reflected anyway, which causes a time mismatch, and it becomes more obvious as the
predicted time increases. In order to find the cause of the numerical difference, the rela-
tionship between the features of the network model and the prediction values is found
after controlling the variables, (1) Radar reflectance is mainly used to determine the start
and end time of precipitation, and auxiliary revision of predicted precipitation intensity.
(2) The average velocity mainly plays an auxiliary role in revising the predicted precipi-
tation intensity and has little influence on the results. (3) The predicted precipitation in-
tensity is mainly affected by the combined effect of average volume diameter and particle
number density. The average volume diameter has a high weight on the amplitude of
predicted precipitation intensity, and particle number density has a great influence on the
fluctuation of predicted precipitation, so single value cannot predict precipitation well.
Although the rain gauge and the RSD are geographically similar coincident, it can be seen
that the prediction values have a strong correlation with the current precipitation struc-
ture. However, the surface measurement data of the two instruments does not coincide
with each other, the time series of the data cannot be completely consistent, which is also
an important reason for the difference of real-time numerical prediction.

Although the neural network on the real-time precipitation is different from the rain
gauge, this error will be compensated before and after the time point. If the time series is
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stretched or predicted the total rainfall process, the predicted result of the neural network
will be closer to the actual precipitation.

3.2.2. Prediction of Stratiform Cloud Precipitation Process

A continuous stratiform cloud precipitation weather on July 19 is also selected, and
the precipitation forecasts of 6 min, 18 min, 30 min, 60 min, 90 min and 120 min are carried
out at the Dafang (57708) station. The precipitation began at 17,36 on July 19, 2020 lasting
about 7 h. The precipitation is 6.7 mm and the RSD inverted precipitation intensity comes
with a peak of 4.98 mm/h.

Table 6 was the neural network precipitation evaluation prediction index. From the
Table 5 it can be obtained that the characteristics of the stratiform cloud precipitation eval-
uation index are basically the same as the convective cloud precipitation. Besides, the real-
time correlation coefficient and the average relative error are the best prediction results of
60 min, reaching 0.9357 and 0.3312 respectively. It can be concluded that the prediction 60
min neural networks have strong predictive ability for weak precipitation process. It can
also be seen from Figure 12 that as the forecast time increases, the rain gauge detection
data tends to smooth out, and the neural network prediction effect continues to improve.
This is due to the fact that the rain gauge detection process in the weak precipitation pro-
cess is greatly affected by the tipping bucket residual error, which itself has a certain de-
viation from the actual weather phenomenon, and the increase in the predicted time of
the neural network can weaken this deviation to a certain extent. And we see that there is
no lag error in stratiform precipitation as there is in convective precipitation. After check-
ing the data set, it is found that the weather radar and RSD detected from the precipitation
information long before the rain gauge, because the echo was developed over the area. If
the precipitation due to echo motion occurs during the convective cloud precipitation pro-
cess, the weather radar will detect the echo of the earlier rain gauge at one or two individ-
ual sweep time, and the phenomenon of prediction lag will be easy to occur when the it is
detected by time. Finally, in terms of the RSD, the relatively weak precipitation infor-
mation can be captured by the higher detection accuracy, and the more complete precipi-
tation process can be obtained for the precipitation with stable development.
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Figure 12. Real-time prediction of stratiform cloud precipitation process by neural network ((a) 6
min (b) 18 min (c¢) 30 min (d) 60 min (e) 90 min (f) 120 min).
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Table 6. Prediction and evaluation index of neural network of stratiform cloud precipitation process.

Neural Networks Pre diC_Real—Tlme Cor-

) ; relation Num-MRE MAE RMSE

tion Time
ber

6 min 0.2743 0.7921 0.1347 0.2091
18 min 0.5447 0.6970 0.2001 0.3379
30 min 0.7783 0.6551 0.2481 0.3885
60 min 0.9257 0.3312 0.2314 0.3906
90 min 0.8856 0.3346 0.2919 0.5149
120 min 0.8753 0.5496 0.3066 0.4596

4. Conclusions

In this paper, the base data of the new generation Doppler weather radar (C-band) in
Guizhou Province, the raw data of the OTT-Parsivel laser RSD and the precipitation data
of the automatic meteorological observation station are used. Three RSD stations are se-
lected for RSD analysis according to the difference in altitude, then the three-source data
are used to predict the precipitation through the LSTM neural network. The conclusions
of the study are as follows,

(1) From the distribution characteristics of RSD in Dafang (57708) station, Majang
(57828) station, and Luodian (57916) station (with an altitude of 1722.7 m, 985.0 m, and
441.5 m, respectively) in Guizhou, we can conclude that the particle size of less than 1 mm
contributes the highest to the density of particle numbers, reaching 88.22% and decrease
with the descending altitude. In addition, in the fitting of RSD, the GAMMA distribution
fit has more advantages than the M-P distribution fit in the small particle size region (D1
mm), while the M-P distribution fit is more accurate in the large particle size region. In
general, the GAMMA distribution fit effect is better, and increases with the ascending al-
titude. Finally, in terms of the correlation between particle size and precipitation intensity, the
mass-weighted average diameter is not sensitive enough to the response to the change of pre-
cipitation intensity, but the correlation between the average volume diameter and the precip-
itation intensity is higher, with correlation coefficients being 54.84% and 69.15%, respectively.

(2) In terms of precipitation prediction, in the process of convective cloud precipita-
tion the 60 min forecast index is better than the 90, 120 min forecast. Although the real-
time precipitation neural network has an obvious difference from the rain gauge, this er-
ror will be compensated before and after the time point. If the time series is elongated or
predict the total rainfall of a process, the prediction results of the neural network will be
closer to the actual precipitation. Similarly, in the process of stratiform cloud precipitation,
it is shown that the prediction 60-min neural network has behaves better for the weak
precipitation prediction. The detection data tends to be smooth and the predicted effect of
the neural network continues to improve with the increase of prediction time. In conclu-
sion, in the prediction of convective cloud and stratiform cloud precipitation process the
60-min prediction results have the highest consistency with the actual precipitation, and
the correlation coefficients can reach 0.9287 and 0.9257, respectively.
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