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Abstract: Accurate precipitation nowcasting (lead time: 0-2 h), which requires high spatiotemporal
resolution data, is of great relevance in many weather-dependent social and operational activities. In
this study, we are aiming to construct highly accurate deep learning (DL) models to directly obtain
precipitation nowcasting at 6-min intervals for the lead time of 0-2 h. The Convolutional Long Short-
Term Memory (ConvLSTM) and Predictive Recurrent Neural Network (PredRNN) models were
used as comparative DL models, and the Lucas-Kanade (LK) Optical Flow method was selected as a
traditional extrapolation baseline. The models were trained with high-quality datasets (resolution:
1 min) created from precipitation observations recorded by automatic weather stations in Guizhou
Province (China). A comprehensive evaluation of the precipitation nowcasting was performed, which
included consideration of the root mean square error, equitable threat score (ETS), and probability
of detection (POD). The evaluation indicated that the reduction of the number of missing values
and data normalization boosted training efficiency and improved the forecasting skill of the DL
models. Increasing the time series length of the training set and the number of training samples
both improved the POD and ETS of the DL models and enhanced nowcasting stability with time.
Training with the Hea-P dataset further improved the forecasting skill of the DL models and sharply
increased the ETS for thresholds of 2.5, 8, and 15 mm, especially for the 1-h lead time. The PredRNN
model trained with the Hea-P dataset (time series length: 8 years) outperformed the traditional LK
Optical Flow method for all thresholds (0.1, 1, 2.5, 8, and 15 mm) and obtained the best performance
of all the models considered in this study in terms of ETS. Moreover, the Method for Object-Based
Diagnostic Evaluation on a rainstorm case revealed that the PredRNN model, trained well with
high-quality observation data, could both capture complex nonlinear characteristics of precipitation
more accurately than achievable using the LK Optical Flow method and establish a reasonable
mapping network during drastic changes in precipitation. Thus, its results more closely matched the
observations, and its forecasting skill for thresholds exceeding 8 mm was improved substantially.

Keywords: precipitation forecast; nowcasting; deep learning; ConvLSTM; PredRNN

1. Introduction

Precipitation nowcasting means forecasting precipitation with a lead time of 0-2 h,
focusing more on mesoscale-microscale weather systems at a high spatiotemporal res-
olution [1-3]. Highly accurate precipitation nowcasting is vital in support of various
operational activities, e.g., disaster relief, energy management, and flood early warning
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systems. Consequently, the accuracy of precipitation nowcasting has a critical socioeco-
nomic impact.

Currently, the primary means of improving the accuracy of precipitation nowcast-
ing involve the integration of extrapolation and ensemble numerical weather prediction
(NWP) [4-8]. However, literature shows that global coarse-resolution NWP models have
challenges in generating accurate precipitation with a lead time of 0-2 h [9,10], affected
by the spin-up issue and the difficulties in non-Gaussian data assimilation. Although
convection-permitting models with high resolution could greatly improve performance,
these models are computationally expensive. Traditional integration of extrapolation meth-
ods, such as cross-correlation tracking and optical flow, has been used widely in operational
weather forecasting [11-19]. Still, they exhibit a marked reduction in forecasting skills
with increasing lead time owing to their linear operating limits and their deficiencies in
forecasting storm growth and decay [20].

In recent years, the application of deep learning (DL) [21] has become popular in
the field of meteorology [22-24] owing to its nonlinear operation, and it has achieved
substantial advances in terms of quantitative precipitation nowcasting using radar echo
extrapolation [25-32]. In comparison with the traditional integration of extrapolation and
NWP, DL models can realize relatively accurate precipitation nowcasting. For example, Shi
et al. [27] involved the convolution operation in input-to-state and state-to-state transitions
in the transformation of a two-dimensional image into a three-dimensional tensor and
proposed the Convolutional Long Short-Term Memory (ConvLSTM) model. This approach,
which was shown capable of effectively capturing spatial correlations and further realiz-
ing the extrapolation of spatiotemporal sequences, was applied to achieve quantitative
precipitation nowcasting. Subsequently, they involved the convolution operation in the
recurrent gated unit (GRU) and used a subnetwork to output a location-variant connection
structure before performing state transitions. Then, they proposed the trajectory GRU that
could handle the spatial correlations better and perform more accurately than previous
methods [28]. Wang et al. [29] designed the Spatiotemporal LSTM (ST-LSTM) model that
can transfer memories vertically and horizontally, and then they proposed the Predictive
Recurrent Neural Network (PredRNN) model. To strengthen the power for modeling
short-term dynamics and to alleviate the vanishing gradient problem, they improved the
PredRNN model to PredRNN++ [30], which incorporates a cascaded dual-memory struc-
ture and a gradient highway unit. Ji et al. [31] exploited the advantages of different DL
model architectures in combination with the ConvLSTM unit in the U-Net generator and
proposed the CLGAN model, which can better capture the precipitation object and its
characteristics. Chen et al. [32] compared and analyzed the extrapolation prediction of
radar echoes using the ConvGRU method, cross-correlation method, optical flow method,
and particle filter method and found that the output of the ConvGRU method more closely
matched the location, intensity, and shape of actual radar echoes. Many other studies
have modified existing techniques to obtain relatively better nowcasting performance in
comparison with that achieved using the integration of extrapolation [33-47]. However,
precipitation calculated from radar echoes is based on the Z-R relationship. We believe
that the Z-R relationship cannot describe the nonlinear relationship between a radar echo
and precipitation. Moreover, it is difficult to avoid calculation errors derived from the Z-R
relationship. Factors such as radar model, detection range, and clutter interference will
lead to poor universality of a DL model. Consequently, the objective of this study was to
construct DL models for precipitation nowcasting based on precipitation observation data,
which could directly obtain precipitation nowcasting.
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The reason we use DL models is their nonlinear operation, and the ConvLSTM model
is one of the classical models used in the precipitation nowcasting problem. It can extract
the spatial characteristics while capturing the time characteristics efficiently. PredRNN
improved memory information by transferring memories vertically and horizontally, and it
can perform better for forecast time compared with ConvLSTM. The Lucas-Kanade Optical
Flow (LK Optical Flow) is a good method that improved optical flow vector calculation
for traditional optical flow [48], and it was selected as a traditional baseline. We hope
to compare the two typical DL models with LK Optical Flow and try to construct highly
accurate models based on precipitation observation data.

In this study, we formed two high-quality datasets: a pre-processed precipitation
dataset (Pre-P dataset) and a heavy precipitation dataset (Hea-P dataset). Then, we con-
structed precipitation DL models that could directly obtain precipitation nowcasting based
on precipitation observation data. Furthermore, we improved the forecasting skill of the
DL models by increasing the length of the time series of the training set and by train-
ing with the Hea-P dataset. The study area selected was Guizhou Province in China
(29.2-24.7° N, 103.6-109.6° E), which features highly complex terrain and frequently expe-
riences geological disasters and floods [49,50]. Moreover, the region is also lacking in terms
of high-accuracy precipitation nowcasting.

The remainder of this manuscript is organized as follows. Section 2 describes the data
and methods used in the study. Section 3 comprehensively evaluates both the DL models
trained with different datasets and the LK Optical Flow method. Finally, the conclusions
and a discussion are presented in Section 4.

2. Data and Method
2.1. Guizhou Automatic Weather Station (AWS) Observations

High-quality real-time precipitation observation data (resolution: 1 min) recorded
over a nine-year period from 20:00 (all times UTC+8) on 31 December 2012 to 20:00 on
31 December 2021 (observation day: from 20:00 on the previous day to 20:00 on the same
day) by 1835 automatic weather stations (AWS) in Guizhou Province (as shown in Figure 1)
were obtained from the Guizhou Meteorological Information Center.

29.3°N

28.3°N

27.3°N

26.3°N

25.3°N

104.3°E 105.3°E 106.3°E 107.3°E 108.3°E 109.3°E

Figure 1. Distribution of the 1835 automatic weather stations in Guizhou Province, China.
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2.2. Pre-Processed Precipitation Dataset (Pre-P Dataset)

The number of missing values in the observation data was reduced using the neigh-
borhood method (where the time series before and after the missing values and the data
of nearby stations were complete). Then, the bilinear interpolation method was used to
interpolate station data within the region 24.5-29.5° N, 103.5-110° E to the gridded field
(resolution: 0.125° x 0.125°). Data normalization resulted in a high-quality dataset with
a range of variation of [0, 1]. Ultimately, the pre-processed(Pre-P) dataset was formed,
comprising 788,400 samples.

2.3. Heavy Precipitation Dataset (Hea-P Dataset)

Data in the Pre-P dataset from May—-September in each of the nine years from 2013-2021
were selected, and samples with little or no precipitation were removed. Consequently, the
heavy precipitation (Hea-P) dataset was determined, comprising 332,640 samples.

2.4. Lucas—Kanade (LK) Optical Flow Method

The optical flow method is defined as a method for calculating the intensity of image
pixel points over time to infer the speed and direction of object movement. It finds the
correspondence between the previous and the current frame based on changes in the pixels
of the image in the time series and the correlation between adjacent frames, from which it
calculates the motion information of objects between adjacent frames. This study employed
the LK Optical Flow method [48], the process of which can be divided into two steps:

In the first step, the optical flow vector field is calculated. The instantaneous velocity
two-dimensional vector field of the changing trend of grayscale at each point on the image
and the optical flow vector field are solved using the following three basic assumptions.

(1) The brightness is constant, i.e., when the same target moves between different
frames, the brightness will not change in any way. According to this assumption, the basic
equation of the optical flow method can be obtained:

I(x,y,t) = I(x +dx,y +dy,t +dt) (1)

where x and y are the coordinate positions of a pixel in the image, t is the time series in
which the image is located, and (dx, dy) is the distance moved to the next frame, using dt
time, i.e., the light intensity of the pixel before and after motion has remained constant.

(2) The movement in continuous time is a ‘small movement’, which means that the
change of time will not cause a drastic change in the target position. Expanding the Taylor
section of Equation (1) yields:

ol ol ol
(x,y,t) = I(x,y,t%—axdx—}—aydy+atdt+s>, ()

where ¢ represents a second-order infinitesimal term that is negligible. Assuming the
velocity vectors 1 and v of the optical flow in the x-axis and y-axis directions, the formulas
will be as follows: p p
_ax a4y
- E’ U= E’ (3)

The partial derivatives of the gray scale of pixel points in the image on x, y, and t are
as follows:
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Then, substituting Equation (2) into Equation (1) and dividing by dt gives the following:
L+ Lo+ 1 =0, Q)

where I, I, and I, can be obtained from image data, and (1, v) is the optical flow vector.
(3) Spatial consistency (or spatial continuity) means that some points which around a
specific point have the same optical flow field or velocity.
There are two unknowns in only one constrained equation. For analyzing the n x n
region around a pixel, the pixel motion of the local region is assumed to be consistent. Then,
the n x n equations can be established in the following matrix form:

La Ip In
Lo Ip {“} = _In 6)
. . & .
and written as vector:
O
Au=b, (7)
where 1 is the velocity vector:
—
U =(ATA)1ATD, ®)

Then, the equations are solved using the least squares method.

The second step is to use the real-time precipitation field at the initial time and the
optical flow vector field calculated in the first step to extrapolate the precipitation field. In
this study, the semi-Lagrangian advection scheme was used to extrapolate the precipitation
field [48]. The semi-Lagrangian advection formula can be expressed as follows:

F(to+1,x) = F(to,x — a), )

where F is the extrapolated forecast precipitation field, F is the real-time precipitation
observation at the initial time, t; is the lead time, T is the forecast time, and « is the
displacement vector within the lead time.

The semi-Lagrangian advection scheme divides the lead time T into N steps for
extrapolation, in this study, the lead time At was 6 min. The displacement amount &« can be
obtained from the following iteration:

o)
) (10)

5
DALV (tg, x —

= n . . .« . . . = .
where V (to, X — #) is the velocity vector of the precipitation at point x — 5, and V is the

optical flow vector field, assuming the initial value of « is 0. The total displacement in the
lead time is the sum of the displacements in N steps, and # is the number of iterations.

The specific extrapolation scheme uses the remapped particle-mesh Semi-Lagrangian
scheme improved by Reich [51].

2.5. Convolutional Long Short-Term Memory (ConvLSTM) Model

The ConvLSTM model can extract the two-dimensional spatial characteristics of
precipitation while capturing the time characteristics. The convolution operation and
pooling operation are integrated into the LSTM, which adds the “input gate,” “output gate,”
and “forget gate” based on the RNN model and can record historical data over a longer
time and improve forecast accuracy. Then, realizing the spatiotemporal sequence prediction
of the precipitation, the main calculation equations in the model are as follows [27]:

it = 0(Wyi * Xy + Wy x Hi_1 + W, 0Ci_1 + b;), (11)
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fo = (W % Xs + Wi+ Hy_1 + Wes@Cr1 + by ), (12)

C; = ftQthl + it®tanh(ch * Xp + th * Htfl + bc), (13)

O = U(on * Xy + Wy Hy_1 + W OCt + bo)/ (14)

H; = O:GOtanh(Cy), (15)

where X; and H; represent input data and output data, respectively; i, f;, and O; represent
the input gate, forget gate, and output gate, respectively; C; is the cell state; “+” denotes the
convolution operator; and “©” denotes the Hadamard product.

2.6. Predictive Recurrent Neural Network (PredRNN)

For more accurate transmission of time information, the new ST-LSTM was proposed,
which can transfer memories vertically and horizontally. Then, the PredRNN model was
obtained based on the ConvLSTM model, and the complete formula of the ST-LSTM model
can be expressed as follows [29]:

i = a(wxi £ Xy + Wi+ HL_| + bi)/ (16)

fe = o (Waep # Xe + Wyg  HY_y +by ), (17)

Ct = frOCl_y + ir@tanh(Wag * X; + Wg * HI_; + b)), (18)

il = a(w;l. 5 X + Wiy + M1 +b,f), (19)

1l :a(w;f*xmuwmf*Mg*Wb’f), (20)

Ml = floM~! 4 il otanh (w;g 5 Xt + Wigg + M1 4 bjg), 1)
O = a(on 5 Xt + Wi # HL_ + Weg % CL o Wio  M! + bo), (22)
Hl = OtQtanh(Wlxl x [cg,Mq ) (23)

Wi, Whi, Wiy, Wy fr Wi, fr W, r Wig, Whg/ Wior Wi, Wyit, W, 7, Wi,/ are all weight param-
eters, and b;, b Iz be, bo, b;, b 7, be! are learnable offset parameters. With Cf representing
time memory, M! representing spatial memory, H! representing the value of the hidden
layer, subscript ¢ representing the time step, and superscript representing the kth hidden
layer existing in the ST-LSTM network.

For the parameters of DL models in this paper, we set the initial learning rate and the
epochs as 0.001 and 20, respectively. The root mean square error (RMSE) was selected as
the loss function.
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2.7. Verification Metrics
2.7.1. Root Mean Square Error (RMSE)
The expression for the RMSE is as follows:
1 n
1
RMSE = ) [(fi—0;)]}, (24)
i=1

where n represents the number of grid samples of the space field, f; represents the forecast
value of the i—th sample, and O; represents the observation of the i—th sample. The smaller
the RMSE value, the smaller the difference between the forecast value and the observed
value, i.e., the smaller the forecast error.

2.7.2. Probability of Detection (POD), False Alarm Ratio (FAR), Probability of False
Detection (POFD), and Equitable Threat Score (ETS)

Expressions for the probability of detection (POD), false alarm ratio (FAR), probability
of false detection (POFD), and equitable threat score (ETS) are as follows [52-54]:

Na

POD= ———, 25
N4+ Nc¢ @5

Np
FAR = ————, 26
N4+ Np (26)

N¢
POFD = ————, 27
N + Ng 27)

£ (Na+Np)(Na +NC)I (28)
N4y +Np+ Nc—E

Ny —E
NA—i-NB-i-Nc—E/

where Ny represents the number of forecast events that correspond to observed events
(forecast has, observation has); Np represents the number of events that are null (forecast
has, observation has not); N¢ represents the number of events that are missed (forecast
has not, observation has); Ng represents the number of events that both forecast, and
observation do not occur. POD refers to the proportion of the predicted actual precipitation
area in the total actual precipitation area; the larger the value, the higher the forecast
accuracy. FAR refers to the proportion of the area with no actual precipitation in the
forecast precipitation area in the total forecast precipitation area; the smaller the value, the
smaller the forecast null rate. POFD refers to the proportion of the area that is missed in
the actual precipitation area in the area where all actual precipitation does not occur; the
smaller the value, the lower the FAR of the forecast. Additionally, the higher the ETS score,
the better the forecast performance.

In this study, we applied five thresholds (i.e., 0.1, 1, 2.5, 8, and 15 mm) to calculate the
ETS of the hourly graded precipitation. The forecasting skill of 6-min precipitation was
calculated based on the threshold of 0.01 mm.

ETS =

(29)

2.7.3. Method for Object-Based Diagnostic Evaluation (MODE)

The Method for Object-Based Diagnostic Evaluation (MODE) is a spatial evaluation
method based on object attribute characteristics, which mainly evaluates a prediction by
comparing and analyzing the attributes and similarities of the main observed and forecast
areas of precipitation [55,56].



Atmosphere 2023, 14, 807

8 of 22

Through the operation of spatial convolution and then under different precipitation
thresholds (i.e., 0.01, 0.1 and 2.5 mm), the important areas of precipitation to be studied are
calculated and identified as follows [57]:

Clxy) = Z@(”’U)f(x —uy—v), (30)
u,o
1242 <R
¢(u,0) = {76{{2 u? +v>>R?’ (31)

where f represents the original data field, C represents the convolutional field, ¢ represents
the filter function, and (x,y) and (u,v) represent grid coordinates. The mask field M is
obtained by threshold control of the convolutional field, i.e., the precipitation area in the
convolutional field where precipitation intensity is greater than or equal to threshold T is
calculated [55,56]:
1, C(xy) <T
M(x,y) = { 0, C(xy)>T "~ (32)

By assigning grid points in the continuous region of M = 1 to the value of the corre-
sponding grid points in the original precipitation field, the reconstruction field F can be
obtained, which not only retains most of the original precipitation information of each object
(precipitation without convolution processing), but also identifies the main area of falling
precipitation when the precipitation threshold is reached. The formula for calculating F is
as follows [55,56]:

F(x,y) = M(x,y)f(x,y), (33)

Then, according to Equation (33), certain important properties of the observation field
and the precipitation field in these aeras of falling precipitation are calculated. In this study,
area, angle, aspect ratio, centroid position of longitude, and centroid position of latitude
were selected as the attributes for assessment and analysis of the area of falling precipitation.

According to Davis et al. [55,56], the matching rule proposed by uses the calculated
attributes to match objects, i.e., all matches in the process come from the important areas of
falling precipitation in the forecast field and in the observation field identified as needing
study, and the calculation formula used in this process is as follows [55-58]:

T

1
Areal, + Area

D < , 34

. (34)

where Area, and Areay are the areas of the main areas of falling precipitation identified in
the observation and forecast fields, and D is the centroid distance between them.

Finally, according to the weight and the confidence factor of the attribute, the total

similarity between the observation field and the important area of falling precipitation in

the precipitation field is calculated using the fuzzy logic method [57]:

n
Yl wiciG;

I =
YL wic

, (35)

where c; and w; represent the confidence factor and the weight for property i, respectively,
which depend only on the specific properties of the subject of tax reduction, and where the
confidence factor varies with the area size and distance of the area of falling precipitation;
and G; is the similarity factor of the i-th attribute that is a monotonous recursive function
with a value range of between 1 and 0.
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3. Results
3.1. Data Quality Control (DQC) Evaluation

We selected May—-September 2019 as the verification period because several extreme
precipitation events occurred during this period. For example, intense rainstorms that
occurred during 5-11 June 15-19 June, 20-25 June, and 27 June to 1 July caused notable
geological and flood disasters [59].

Reducing the number of missing values in the original AWS data produced a complete
time series and improved the spatial resolution of the dataset, thereby making the training
samples more representative of the observed precipitation. Data normalization narrowed
the range of extreme precipitation and improved the learning efficiency of the DL models
with respect to the features of precipitation observations during the training process. Both
processes helped DL models that exhibited improved performance in terms of ETS. The
Hea-P dataset before and after data quality control (DQC) was divided into a training
set and a validation set with a ratio of 8:1, and ETS evaluations were performed for the
verification period.

The ETSs of the DL models for 6-min precipitation nowcasting before and after DQC
are shown in Figure 2. The average ETS of the ConvLSTM model and of the PredRNN
model increased by 0.1458 and 0.0660, respectively. The ConvLSTM model showed greater
improvement in comparison with the PredRNN model; however, the PredRNN model also
exhibited reasonable improvement beyond the 12-min lead time.

0.6 —@— ConvLSTM
o —- PrdRNN
205 —@— ConvLSTM DQC
A —M- PrdRNN DQC
=
O 0.4
=
F
(]
= 0.3
8
3
50.2-
m
0.1 909090 000000000000000e

6 12 18 24 30 36 42 48 54 60 66 72 78 84 90 96 102 108 114 120
Lead time (min)

Figure 2. Comparison of the ETSs of the DL models before and after data quality control (DQC).

Currently, there is no unified evaluation metric for minute-level precipitation. Con-
sequently, we calculated the ETS of hourly graded precipitation accumulated from 6-min
precipitation for different thresholds (i.e., 0.1, 1, 2.5, 8, and 15 mm), as listed in Table 1.
The forecasting skill of the ConvLSTM model with thresholds of 0.1 and 1 mm was well
improved, and the ETS for the threshold of 0.1 mm for the 1-h lead time increased by 0.2286.
Overall, the PredRNN model exhibited greater improvement in comparison with that of
the ConvLSTM model, i.e., the average ETS for thresholds exceeding 2.5 mm for the 1-h
lead time and for thresholds below 2.5 mm for the 2-h lead time increased by more than
0.09 and by 0.1305, respectively.
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Table 1. ETSs of hourly graded precipitation for DL models before and after DQC for different

thresholds (i.e., 0.1, 1, 2.5, 8, and 15 mm).

Model ConvLSTM ConvLSTM DQC PredRNN PredRNN DQC
Lead time 1h 2h 1h 2h 1h 2h 1h 2h
>0.1 mm 0.1009 0.1658 0.3295 0.2523 0.4868 0.2121 0.5097 0.3425

>1mm 0.2223 0.1406 0.2637 0.2346 0.3574 0.1302 0.3694 0.2363
>2.5mm 0.1033 0.0922 0.0687 0.0390 0.2341 0.1046 0.3319 0.1700

>8 mm 0.0039 0.0037 0.0032 0 0.0858 0.0276 0.1783 0.0586
>15mm 0 0 0.0004 0 0.1289 0.0283 0.2329 0.0594

<
—
~

f=}
—
(95}

=
—
—_

IS
J—
(=]

Root Mean Squared Error (mm)
o
%

0.09

False Alarm Rate
IS = I =
[ O N =)

<
=)

3.2. DL Models Trained Using Datasets with Different Time Series Lengths

Pre-P datasets with DQC and different time series lengths (i.e., 1, 3, 5, and 8 years)
were divided into training sets, testing sets, and validation sets with ratios of 2:1:1, 6:1:1,
10:2:1, and 16:3:1, respectively, and the verification period for all evaluations was May—
September 2019. Then, DL models were constructed using the training sets with different
time series lengths (i.e., 1, 3, 5, and 8 years). Verifications including RMSE, ETS, POD, FAR,
and POFD were applied to assess the 6-min precipitation nowcasting for the threshold of
0.01 mm generated using the DL models, as shown in Figure 3. With increasing length of
the time series of the training set, the DL models showed a marked increase in terms of
POD and ETS, and the stability of the nowcasts with time was enhanced, especially for
the ConvLSTM model trained with the training set with the 8-year time series length, i.e.,
the average POD increased by 0.1066. Additionally, the PredRNN model trained with the
training set with the 8-year time series length performed better than the ConvLSTM model,
i.e., the RMSE decreased sharply, the FAR was low, and the ETS increased by 0.0763.
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R S il 3204 m 2 . o °
ol g ‘\l a | ®eoo
I’"- o l b 0.6 .H
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Figure 3. Forecasting skill of DL models trained with different time series lengths: (a) RMSE, (b) ETS,
(c) POD, (d) FAR, and (e) POFD.
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Taking the same verification period as above, we calculated the ETS of hourly graded
precipitation (Table 2). The ETSs of the DL models were improved with the increasing
length of the time series of the training set. For the training set with the 8-year time series
length, the ETS of the ConvLSTM model for the threshold of 0.1 mm increased sharply by
0.2484 for the 2-h lead time, while that for thresholds below 2.5 mm for the 1-h lead time
increased by more than 0.05. However, the PredRNN model showed better improvement in
terms of ETS. For example, the average ETS for the 0-2-h lead time for different thresholds
(i.e,0.1,1,2.5,8, and 15 mm) increased by 0.0852, while that for the 1-h lead time increased
by 0.1067, and that for the threshold of 2.5 mm increased by 0.1464.

Table 2. Hourly graded precipitation ETSs for the two DL models trained with Pre-P datasets with

different time series lengths for different thresholds (i.e., 0.1, 1, 2.5, 8, and 15 mm).

Model ConvLSTM 1 Year ConvLSTM 3 Years ConvLSTM 5 Years ConvLSTM 8 Years
Lead time 1h 2h 1h 2h 1h 2h 1h 2h
>0.1 mm 0.2553 0.0039 0.3015 0.0139 0.3232 0.3256 0.3295 0.2523
>1mm 0.2030 0.2113 0.2352 0.1300 0.2531 0.2534 0.2637 0.2346
>2.5mm 0.0135 0.0078 0.0313 0.0001 0.0170 0.0223 0.0687 0.0390
>8 mm 0.0004 0 0.0067 0 0.0007 0.0013 0.0032 0
>15mm 0 0 0.0024 0 0 0.0006 0.0004 0
Model PredRNN 1 Year PredRNN 3 Years PredRNN 5 Years PredRNN 8 Years
Lead time 1h 2h 1h 2h 1h 2h 1h 2h
>0.1 mm 0.4302 0.1257 0.4352 0.2455 0.4680 0.2560 0.4868 0.2121
>1mm 0.2991 0.0352 0.3112 0.1535 0.3468 0.1517 0.4183 0.1287
>2.5mm 0.0877 0.0211 0.1485 0.0209 0.1757 0.0389 0.2341 0.1046
>8 mm 0.0011 0.0002 0.0062 0.0005 0.0122 0.0001 0.0858 0.0276
>15 mm 0.0021 0.0003 0.0076 0.0028 0.0064 0.0025 0.1289 0.0283
To summarize, increasing the length of the training set time series and the number
of the training samples both improved the forecasting skill of the DL models. Overall,
the PredRNN model exhibited greater improvement in comparison with the ConvLSTM
model, especially for the 1-h lead time, and the PredRNN model trained with the Pre-P
dataset with the 8-year time series length obtained the best performance in terms of ETS.
3.3. Deep Learning Model Training Using the Heavy Precipitation (Hea-P) Dataset
Although increasing the length of the time series of the training set could improve the
forecasting skill of the DL models, the model with the best performance still exhibited no
improvement in terms of the ETS for hourly graded precipitation when compared with the
results obtained using the LK Optical Flow method (Table 3). Even though the ETS of the
PredRNN model with the best performance was slightly higher than that of the traditional
LK Optical Flow method for the thresholds of 0.1, 2.5, and 8.0 mm for the 1-h lead time, the
ETS for the threshold of 15.0 mm for the 1-h lead time was lower than that derived using
the LK Optical Flow method. Moreover, the ETSs of the PredRNN model with different
thresholds (i.e., 0.1, 2.5, 8, and 15 mm) decreased rapidly with time, resulting in a lower
overall ETS in comparison with that derived using the LK Optical Flow method.
Table 3. ETSs of hourly graded precipitation for the LK Optical Flow method and the DL models
trained using the two types of datasets for different thresholds (i.e., 0.1, 1, 2.5, 8, and 15 mm).
Model ConvLSTM 8 Years PredRNN 8 Years LK Optical Flow
Lead time 1h 2h 0-2h 1h 2h 02h 1h 2h 02h
>0.1 mm 0.3295 0.2523 0.2909 0.4868 0.2121 0.3495 0.4502 0.2914 0.3708
>1 mm 0.2637 0.2346 0.2492 0.4183 0.1287 0.2735 0.3322 0.2011 0.2666
>2.5mm 0.0687 0.0390 0.0539 0.2341 0.1046 0.1694 0.2178 0.1061 0.1620
>8 mm 0.0032 0.0000 0.0016 0.0858 0.0276 0.0567 0.1081 0.0422 0.0751
>15mm 0.0004 0.0000 0.0002 0.1289 0.0283 0.0786 0.1681 0.0407 0.1044
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To further improve the forecasting skill of the DL models, we removed samples with
little or no precipitation and left the extreme precipitation to form the Hea-P dataset, which
we hoped would represent a more effective training sample. Taking the same verification
period as described in Section 3.2, Hea-P datasets with different time series lengths (i.e., 1,
3, 5, and 8 years) were divided into training sets, and validation sets with a ratio of 1:1, 3:1,
5:1, and 8:1, respectively. We constructed DL models using the training sets with time series
of different lengths. Then, evaluation of the 6-min precipitation nowcasting was performed
based on the RMSE, ETS, POD, FAR, and POFD, which allowed comparative assessment of
the LK Optical Flow method and the DL models trained with the two types of datasets (i.e.,
Pre-P dataset and Hea-P dataset), as shown in Figure 4.
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Figure 4. Forecasting skill of the LK Optical Flow model and the PredRNN model trained with two
types of datasets: (a) RMSE, (b) ETS, (c) POD, (d) FAR, and (e) POFD.

With a sharp increase in POD and reduction in RMSE for the 8-year time series length,
the DL models trained with the Hea-P dataset performed better than those trained with the
Pre-P dataset in terms of 6-min precipitation nowcasting; specifically, the PredRNN model
outperformed the LK Optical Flow method in terms of forecasting skill. For the 1- and
3-year time series lengths, the DL models trained with the Hea-P dataset exhibited reduced
ETSs and sharply increased FAR scores. Meanwhile, the DL models trained with the Hea-P
datasets with the 5- and 8-year time series lengths also sharply increased in FAR scores.
Overall, use of the Hea-P datasets improved the POD and resulted in sharply increased
FAR values for the DL models because the DL models tended to generate more high-value
precipitation nowcasting owing to training samples with high-value precipitation in the
Hea-P dataset.

The ETSs of hourly graded precipitation for different thresholds are listed in Table 4.
The DL models trained with the Hea-P dataset improved markedly. The PredRNN model
trained with the training set with the 8-year time series length obtained notable improve-
ment for thresholds exceeding 2.5 mm, i.e., the ETS of the PredRNN model for thresholds
of 2.5, 8, and 15 mm for a 1-h lead time increased sharply by 0.1141, 0.0702, and 0.0648,
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respectively. The average ETS for thresholds below 2.5 mm for the 2-h lead time also
increased by more than 0.05. Importantly, the ETS for the threshold of 8.0 mm increased by
an average of 0.0676 for a 0-2-h lead time and by 0.0925 for a 1-h lead time. Additionally,
the ETS of the ConvLSTM model for the threshold of 2.5 mm increased by 0.0801, while
that for below the threshold of 1.0 mm decreased (note: the ETSs of the ConvLSTM model
are not listed in the table).

Table 4. ETSs of hourly graded precipitation for the PredRNN model trained with two types of
datasets for different thresholds (i.e., 0.1, 1, 2.5, 8, and 15 mm).

Model PredRNN 1 Year PredRNN 3 Years PredRNN 5 Years PredRNN 8 Years
Lead time 1h 2h 1h 2h 1h 2h 1h 2h
>0.1 mm 0.4302 0.1257 0.4352 0.2455 0.4680 0.2560 0.4868 0.2121
Pre-P >1 mm 0.2991 0.0352 0.3112 0.1535 0.3468 0.1517 0.4183 0.1287
dataset >2.5mm 0.0877 0.0211 0.1485 0.0209 0.1757 0.0389 0.2341 0.1046
>8 mm 0.0011 0.0002 0.0062 0.0005 0.0122 0.0001 0.0858 0.0276
>15mm 0.0021 0.0003 0.0076 0.0028 0.0064 0.0025 0.1289 0.0283
Lead time 1h 2h 1h 2h 1h 2h 1h 2h
>0.1 mm 0.4612 0.2744 0.4492 0.2862 0.4743 0.3351 0.5097 0.3425
Hea-P >1 mm 0.2571 0.1279 0.3168 0.1891 0.3513 0.2322 0.3694 0.2363
dataset >2.5mm 0.2498 0.1035 0.2506 0.0978 0.2664 0.1074 0.3319 0.1700
>8 mm 0.1320 0.0442 0.1334 0.0482 0.1384 0.0411 0.1783 0.0586
>15mm 0.1177 0.0312 0.1774 0.0658 0.1828 0.0459 0.2329 0.0594

Comprehensive evaluation revealed the DL models with the performance in terms
of ETS. The PredRNN model trained with the Hea-P dataset with the 8-year time series
length obtained the best performance of all models in terms of ETS for hourly graded
precipitation (Table 5). The PredRNN model outperformed the LK Optical Flow method
for all thresholds (i.e., 0.1, 1, 2.5, 8, and 15 mm), especially thresholds exceeding 2.5 mm.
Although the ConvLSTM model was improved by training with the Hea-P dataset, it still
performed a lower ETS than that of the other two models for all thresholds.

Table 5. ETSs of hourly graded precipitation for the LK Optical Flow method and the DL models
trained with the Hea-P dataset for different thresholds (i.e., 0.1, 1, 2.5, 8, and 15 mm).

Model ConvLSTM 8 Years PredRNN 8 Years LK Optical Flow
Lead time 1h 2h 1h 2h 1h 2h
>0.1 mm 0.2526 0.2016 0.5097 0.3425 0.4502 0.2914

>1 mm 0.1452 0.1108 0.3694 0.2363 0.3322 0.2011
>2.5 mm 0.1337 0.1342 0.3319 0.1700 0.2178 0.1061

>8 mm 0.0294 0.0283 0.1783 0.0586 0.1081 0.0422
>15 mm 0.0012 0.0042 0.2329 0.0594 0.1681 0.0407

The spatial distributions of ETSs for hourly graded precipitation derived using the
LK Optical Flow method and the DL models trained with the Hea-P dataset with the
8-year time series length for the 1-h lead time are shown in Figure 5. For thresholds
of 0.1, 1, 2.5, and 8 mm, the higher the threshold, the lower the ETS of hourly graded
precipitation; however, the ETS for the threshold of 8 mm exhibited a sharp decrease. Areas
with high ETSs for thresholds of 0.1 and 1 mm mainly occurred in eastern, southern, and
southwestern parts of Guizhou, whereas high ETSs for thresholds of 2.5, 8, and 15 mm
mainly occurred in north-central and southern parts of Guizhou. For thresholds of 8 and
15 mm, the ETS of the ConvLSTM model was close to zero owing to many false predictions
in areas of high-value precipitation and high values of POFD and FAR. This can result from
cumulative error magnified by iterative calculation. For the threshold of 15 mm, the ETSs
of the LK Optical Flow method and the PredRNN model showed improvement mainly in
the southern and north-central parts of Guizhou. Additionally, the ETSs of the PredRNN
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model with different thresholds (i.e., 0.1, 1, 2.5, 8 and 15 mm) indicate that the PredRNN
model outperformed both the ConvLSTM model and the LK Optical Flow method.

ConvLSTM LK Optical Flow PredRNN

o
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Figure 5. Spatial distributions of ETSs for hourly graded precipitation for the 1-h lead time, derived
from the LK Optical Flow method and the DL models trained with the Hea-P dataset with the 8-year
time series length.

Figure 6 presents the spatial distributions of ETSs for the 2-h lead time. The ETSs of
both the LK Optical Flow method and the PredRNN model for different thresholds (i.e.,
0.1,1,2.5, 8, and 15 mm) decreased sharply for the 2-h lead time with the same pattern of
spatial distribution as that shown for the 1-h lead time. The ETS of the PredRNN model for
thresholds of 0.1 and 15 mm maintained values of 0.3-0.5 and 0.2-0.3, respectively, which
were superior to the values of the other two models.
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Figure 6. Spatial distributions of ETSs for hourly graded precipitation for the 2-h lead time, derived
from the LK Optical Flow method and the DL models trained with the Hea-P dataset with the 8-year
time series length.

In summary, the DL models trained with the Hea-P dataset improved notably in terms
of ETS for 6-min and hourly graded precipitation, especially for thresholds of 2.5, 8, and
15 mm. We determined that the PredRNN model trained with the Hea-P dataset with an
8-year time series length performed best, outperforming the LK Optical Flow method for
all thresholds. Furthermore, it performed well for thresholds of 2.5, 8, and 15 mm in the
north-central and southern parts of Guizhou.

3.4. Structure Evaluation on a Rainstorm Case

As a case for evaluation, we selected a severe rainstorm event that occurred on
6 June 2019, which produced a two-hour period (01:30-03:24) of intense precipitation [59].
We used the MODE approach to further assess the performance of both the LK Optical
Flow method and the PredRNN model trained with the Hea-P dataset with the 8-year time
series length in relation to this rainstorm case. The MODE consisted of an evaluation of the
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6-min precipitation for the threshold of 0.01 mm and an evaluation of the hourly graded
precipitation for thresholds of 0.1, 1, and 2.5 mm.

The attribute values of the 6-min precipitation objects for the observations and now-
casts, calculated for a threshold of 0.01 mm, included the area, axis angle, aspect ratio,
zonal centroid, and meridional centroid, from which we obtained the total similarity of
the precipitation objects. All attribute values and the total similarity of the 6-min precipi-
tation objects for both the LK Optical Flow method and the PredRNN model are shown
in Figure 7. The attribute values of the observations have a wide range and show rapid
fluctuation during the rainstorm, resulting in both the shape and the position of the area
of precipitation varying wildly and rapidly with time. Meanwhile, the zonal centroid and
the meridional centroid indicate that the precipitation system first evolved toward the
southwest and then moved rapidly toward the northeast. With the characteristic of linear
variation, the attribute values of the LK Optical Flow method change smoothly with time,
whereas the attribute values of the PredRNN model fluctuate widely and are much closer
to those of the observations.
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Figure 7. Attribute values of 6-min precipitation objects for the LK Optical Flow method and the
PredRNN model trained with the Hea-P dataset with the 8-year time series length: (a) area, (b) axis
angle, (c) aspect ratio, (d) zonal centroid, (e) meridional centroid, and (f) total similarity.

It is evident from Figure 8 that the precipitation nowcasting of the LK Optical Flow
method for 6-12-min lead times is highly similar to the observations and shows only mini-
mal linear movement in position and shape. Nevertheless, with such characteristics, the
deviation between the observations and the nowcasting of the LK Optical Flow method in-
creases from 18 to 30 min. Conversely, the nowcasting generated using the PredRNN model
for 18 to 30 min is closer to the observations because of the ability of the model to capture
the nonlinear changes in the observations, demonstrating especially good performance for
thresholds of 8 and 15 mm.

We calculated attribute values of hourly graded precipitation for thresholds of 0.1,
1, and 2.5 mm (Table 6). The deviations between the observations and the nowcasting
generated using the LK Optical Flow method are more pronounced for a 2-h lead time
owing to the axial angle, aspect ratio, zonal centroid, and meridional centroid. Meanwhile,
with an increase in the precipitation threshold, the PredRNN model trained with the
Hea-P dataset with the 8-year time series length gradually increased in total similarity,
substantially outperforming the LK Optical Flow method. For the threshold of 2.5 mm, the
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PredRNN model maintains a value of total similarity of >0.9, whereas the value for the LK
Optical Flow method rapidly drops below 0.75.

6 June 2019
GLmin: 01:30 1%\min:|01:36 18 min: 24 min:|01:48
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Figure 8. Distributions of observed and predicted precipitation for 6-30-min lead times for the
evaluated rainstorm case.

Table 6. Hourly graded precipitation MODE for different thresholds (i.e., 0.1, 1, and 2.5 mm) for the
LK Optical Flow method and the PredRNN model trained with the Hea-P dataset with the 8-year
time series length.

Precipitation Observation Area Axial Angle (°) Aspect Ratio Zonal Centroid Meridional Total Similari
Threshold or Forecast (Grid Points) & (Width/Length) ©) Centroid (°) ty
Lead time 1h 2h 1h 2h 1h 2h 1h 2h 1h 2h 1h 2h
Observation 474 499 47.98 50.59 0.73 0.81 26.79 26.78 105.86 106.04 — —
>0.1 mm Optical Flow 372 377 65.17 64.77 0.72 0.74 26.94 27.03 105.67 105.68 0.85 0.81
PredRNN 418 487 72.74 74.84 0.77 0.89 26.86 26.87 105.7 105.83 0.85 0.88
Observation 178 265 30.47 —60.85 0.84 0.78 26.75 26.53 105.56 105.9 — —
>1mm Optical Flow 199 198 58.19 63.99 0.9 0.92 26.93 26.99 105.45 105.44 0.83 0.7
PredRNN 175 205 41.36 —4291 0.95 0.7 26.86 26.76 105.54 105.75 0.91 0.81
Observation 105 150 215 —48.17 0.7 0.59 26.78 26.63 105.57 105.9 — —
>2.5mm Optical Flow 135 135 49.95 55.55 0.88 0.89 26.99 27.08 105.41 105.41 0.72 0.68
PredRNN 92 123 20.11 —44.88 0.68 0.59 26.82 26.73 105.49 105.81 0.94 0.92

The results of the above quantitative evaluation are well reflected in the spatial distri-
butions of hourly precipitation shown in Figure 9. It is evident that the PredRNN model
performs better than the LK Optical Flow method for thresholds exceeding 2.5 mm, i.e.,
it can well capture the nonlinear movement and evolution of the precipitation for a 2-h
lead time. The LK Optical Flow method shows poor performance owing to the minimal
changes in the shape and position of the area of precipitation with time, resulting in false
predictions exceeding the threshold of 8.0 mm in northern Guizhou.
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Figure 9. Distributions of observed and predicted hourly precipitation for 6-30 min lead times for
the evaluated rainstorm case.

The characteristics of tiny movement and linear evolution mean that the precipitation
nowcasting of the LK Optical Flow method is unable to capture nonlinear evolution that
does not follow the rule of the latest optical flow vector in the observations. The errors also
increased over time owing to the inability of the LK Optical Flow method to adapt to the
rapid and extreme evolution of precipitation. However, the PredRNN model trained with
the Hea-P dataset can overcome the deficiencies of the traditional LK Optical Flow method,
capturing complex nonlinear evolution and establishing a reasonable mapping network
during the drastic evolution of precipitation. Thus, the nowcasting of the PredRNN model
is closer to the observations, especially for thresholds of 2.5, 8, and 15 mm.

4. Conclusions and Discussion

In this study, we formed two high-quality datasets (the Pre-P dataset and the Hea-P
dataset) based on AWS precipitation observation data. Precipitation nowcasting at 6-min
intervals for the lead times of 0-2 h was generated for Guizhou using the traditional
LK Optical Flow method and the ConvLSTM and PredRNN DL models trained with
the Pre-P and Hea-P datasets. Evaluations based on the RMSE, ETS, POD, and FAR
were used to assess the performance of the different models in generating precipitation
nowcasting. A rainstorm case was evaluated using the MODE approach to further examine
the performance of the LK Optical Flow method and the PredRNN model trained with the
Hea-P dataset with the 8-year time series length. The results obtained and the conclusions
derived were as follows.

Reducing the number of missing values in the AWS observation data improved the
quality of the DL training sample data. Data normalization also improved the training
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efficiency of the DL models. Both processes helped improve the forecasting skill of the
DL models. The greater the length of the time series of the training dataset, the better the
forecasting skill of the DL model. Increasing the time series length and the number of
samples in the training data improved the POD and ETS of the DL models and enhanced
the stability of the nowcasting over time. The PredRNN model was most improved for
hourly graded precipitation, especially for the 1-h lead time.

Training with the Hea-P dataset further improved the forecasting skill of the DL
models and sharply increased the ETSs for thresholds of 2.5, 8, and 15 mm, especially
for the 1-h lead time. The improvement in the PredRNN model was greater than that
in the ConvLSTM model. The PredRNN model trained with the Hea-P dataset with the
8-year time series length outperformed the traditional LK Optical Flow method for all
thresholds (i.e., 0.1, 1, 2.5, 8, and 15 mm) and obtained the best performance in terms of
ETS in comparison with the other DL models examined in this study. It also performed
high ETSs for thresholds exceeding 2.5 mm in the north-central and southern parts of
Guizhou. Additionally, the DL models tended to predict high-value precipitation owing to
the high-value precipitation training samples in the Hea-P dataset, which is why most DL
models showed a sharp increase in FAR values. The ETS of the ConvLSTM model for the
threshold of 2.5 mm increased, but the ETS for the thresholds of 0.1 and 1 mm decreased
owing to a sharp increase in the FAR. Owing to the magnified cumulative error through
iterative calculation, the ConLSTM model performed many false predictions in high-value
precipitation, and the ETS of the ConvLSTM model for thresholds of 8 and 15 mm was
close to zero. Unlike radar data, observation instruments and measurement standards for
precipitation observation data are unified in the industry. Generally, the spatial resolution of
AWS data is higher than that of weather radar. Consequently, the DL models considered in
this study could have reasonable transferability to other regions. Thus, the same approach
could be used to construct highly accurate precipitation nowcasting DL models based on
high-quality observation data.

The rainstorm case considered for evaluation revealed the characteristics of minimal
movement and linear evolution in the traditional LK Optical Flow method. The generated
precipitation nowcasting exhibited increasing error over time because the latest optical
flow vector could not capture subsequent nonlinear evolution. Conversely, the PredRNN
model trained with the Hea-P dataset could overcome the deficiencies of the traditional
LK Optical Flow method and could capture the complex nonlinear evolution. Thus, the
generated precipitation nowcasting was much closer to the observations. Specifically, the
PredRNN model outperformed the traditional LK Optical Flow method for the threshold
of 2.5 mm in the evaluated rainstorm case.

Currently, DL models using multisource observation data can overcome certain phys-
ical constraints and generate radar echoes that are physically more reasonable and of
reference significance. For example, Li et al. [26] used a DL model and multisource data
to produce radar echoes with physical characteristics that were improved in comparison
with those derived using single-source observation data. In future work, DL models with
multisource observations that include parameters such as temperature, pressure, and wind
speed should be investigated. The inclusion of such dynamic and thermodynamic meteoro-
logical information will further improve the forecasting skill of DL models. Additionally, a
comparative discussion with radar echo and more reasonable evaluation metrics will be
added, such as radially averaged power spectral density [26,60,61].
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