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Abstract Radar echo extrapolation is one of the main reference criteria for nowcasting, weather modification operation and
evaluation of its effectiveness. Therefore, rapid and accurate echo extrapolation technology is always a research hotspot in the field of
radar meteorology. In recent years, deep learning-based spatiotemporal sequence prediction models have been widely applied in radar
echo extrapolation. However, most of the inputs to these extrapolation networks are only grayscale images converted from the radar
echo intensity products shown with 16-level color code pseudo colors, and thus some echo details are lost. The error inevitably
increases with the extrapolation time. The initiation, disappearance, movement, and evolution of echoes are closely related to weather
background. Based on this consideration, some physical products in the initial zero field of the rapid-refresh multi-scale analysis and
prediction system-nowcasting (RMAPS-NOW) developed by the Institute of Urban Meteorology, CMA, are integrated with the raw
data of the North China radar mosaic to construct multiple radar cells. Based on convolutional long short-term memory (ConvLSTM)
network, a multi-channel radar echo extrapolation (MR-ConvLSTM) network is designed by using the radar cells as inputs. In
addition, considering the smoothness of the convolutional algorithm, a self-defined loss function is designed to increase the
spatiotemporal weight of the echo intensity for spatiotemporal attenuation correction. A total of 13000 samples of radar mosaic and
RMAPS-NOW data during June—September from 2018 to 2021 over the area of (40.65°—41.65°N, 114°—115.4°E) are selected.
80% of the samples, i.e., 10400 samples, are used as the training data; and 20% of the samples, i.e. 2600, are used as the test data. The
introduced physical products include u, v wind (1350 m), relative humidity (150 m), and horizontal divergence (1350 m), etc. at

multiple altitude levels. Based on ConvLSTM and MR-ConvLSTM with the self-defined loss function, 5 extrapolation models are
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then trained respectively. Using critical success index (CSI), hit rate (POD), and false alarm rate (FAR) as evaluation indexes, the
models are evaluated by the test data. At the values of reflectivity threshold 20, 30, and 35 dBz, the average values of CSI calculated
by the MR-ConvLSTM-based and the self-defined function models with integrated physical products are 4.67%, 13.8%, 5.98% higher
and the average values of POD are 3.1%, 7.68%, 8.38% higher, while average values of FAR are 6.37%, 8.54%, 10.17% lower than
those by the ConvLSTM-based model without integrated physical products, respectively. The model with three physical products
introduced (RH, u-wind, v-wind) performs the best for all the indexes, and average CSI and POD are respectively 16.01% and 13.38%
higher while FAR is 14.88% lower than those without physical products. From the visualization cases of model application, it can
also be seen that the introduction of physical quantities effectively improves the accuracy of radar echo extrapolation. These results
indicate that the MR-ConvLSTM models and self-defined loss function have robust generalization ability.

Key words Radar echo extrapolation, Deep learning, RMAPS-NOW, MR-ConvLSTM network, Self-defined loss function
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F2 AE SRR R B

Table 2 Self-defined loss function weight matrix

t(min) (0, 15 dBz] (15 dBz, 30 dBz] (30 dBz, 45 dBz] (45 dBz, 60 dBz] (60 dBz, 70 dBz]
6 1 3 6 8 60
12 2 6 12 16 120
18 3 9 18 24 180
24 4 12 24 32 240
30 5 15 30 40 300
36 6 18 36 48 360
42 7 21 42 56 420
48 8 24 48 64 480
54 9 27 54 72 520
60 10 30 60 80 600
" N TP
HOERLAL (3)5] A 150 m AHXHRJERAL; (4)5] A POD =
1350 m A9 u v Y (5)5IA 1350 m A u. v 2 150 m Ep
MU FAR= o5 55 )
3.6 FEEFR TP
1 FHS 5 25 v ) 0 36 F T B 1 — o CSl= o NP

A3 JEAE R DA B A PERE o S S 2 [ (B 43 S 1k B
20. 30, 35 dBz, A [H [H %4 6 min, fi A
R (POD) PEA B Y 1E 0 LI E J7, M % (FAR) ¥
P B 1R IR0 52 B A & 2B S, I AR B (CST)
JH e A A AL () AR PERE (X (7)) o () & (H
R VR A (R 3) A, K iy S (TP), #
7N T AE 5 B Y R F I BIME ; 25 i (FN), &
718 T R 40 53100 T L S A /N ) 6 s T A
AUCFP), 2278 UM /N F 40 590 7 34 55 R F 4
B EBAPE(TN), Fm BE S BEE /N T2
HIMH

#3 IRVEHRE
Table 3 Confusion Matrix

it HE
TP 1 1
FN 0 1
FP 1 0
TN 0 0
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Fd4 BAAE 20, 30, 35 dBz SUNRBIEIIALE 1 h SMESIETRT-HI(E
Table 4 1 h average values of each index for the models with reflectivity thresholds of 20, 30, and 35 dBz, respectively

SRR A Model POD FAR CsI

ConvLSTM 0.6678 0.2657 0.6113

+div 0.6269 0.2569 0.6148

20 dBz Hu, v 0.6982 0.2153 0.6233
+RH 0.7088 0.1913 0.6803

+u, v+RH 0.7614 0.1445 0.7137

ConvLSTM 0.6092 0.3475 0.4359

+div 0.5921 0.3373 0.4514

30 dBz u, v 0.6819 0.2822 0.4939
+RH 0.7218 0.2316 0.6614

+u, vHRH 0.7482 0.1973 0.6928

ConvLSTM 0.4566 0.4573 0.4114

+div 0.4469 0.4554 0.4043

35 dBz fu v 0.5076 0.3805 0.4617
+RH 0.5818 0.3042 0.4862

+u, v+RH 0.6254 0.2823 0.5326
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