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Abstract: Severe convective weather will pose a serious threat to people’s lives and property, accurate identification of it is beneficial to bet-
ter forecasting it. In order to solve the problems that traditional machine learning methods ignore the different shape expressions of different se-
vere convective weather on radar and the traditional machine learning methods have a large amount of calculation, a classification and identifi-
cation method of multi-category severe convective weather based on DOCnet is proposed. This network uses deepwise octave convolution to ex-
tract high—frequency features and low—{requency features of radar respectively. This not only removes the redundant space in low—frequency
feature maps and reduces the amount of parameters, but also increases the receptive field of the convolution layer for extracting low—frequency
feature maps and high—frequency feature maps. which enables the network to fully extract the image features of the radar and improve the mod-
el’s classification accuracy for severe convective weather. Finally, the model is trained through the flooding method to improve the generaliza-
tion ability of the model.In the test set of the storm event image (SEVIR) data, the DOCnet model has an average probability of detection of

90.54% , an average critical success index of 81.2% and the average false alarm ration of 11.9% for the four types of severe convective weath-
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er: heavy precipitation, thunderstorms, hail, and tornadoes. Compared with the baseline model, DOCnet achieves a probability of detection

improvement of 15.02 percentage points, and compared with the best performing MobileNet V2, DOCnet achieves a hit rate 5.87% higher than

that of MobileNet V2. The experimental results show that DOCnet can effectively improve the classification effect of strong convective weather.

Key Words: classification; severe convective weather; octave convolution; depthwise convolution; radar map
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Precision = TP+ FP X 100% (7)
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Recall = m X 100% (8)

33 KEHER

F 230 R T DOCnet 155 Y FIA [] £ M 405 3 RS Y
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Table 2 Classification results of different models for severe convec-

tive weather

F2 AEAEBIEINTRSHSERER %
" Recall
PR PODT CSIT FAR! Accuracy T Precision T ;
ResNetl8  75.52  59.74 27.04 74.20 73.72 73.64
ConvNeXt 7243 5402 33.89 71.31 71.21 71.33
Senet 82.58 70.08 18.88 80.41 80.13 79.98
MobileNet V2 84.67 74.42 15.01 83.76 83.51 83.39
DOCnet 90.54 8120 11.90 88.38 88.28 87.91

%3 JE/R T DOCnet £ 7¢ VIL-SEVIR %45 4 | % 5
LRI R AR I35 R . AT LU Y, DOCnet X 4 25 %)
R 3 28R A AN AR ], b e 48 KUY 73 S RIOCR B
4, fir PR AT A 96.90% , 4 B 2R 73 RO B 2, X
4 78.99%.

VIL-SEVIR #5102 38 B A K & B Ak AT
e PR A 7K B R A TR R WA 2 A D K R O

Table 3 Classification results of DOCnet model for each type of

strong convective weather

£3 DOCnet HEWHRBITRIMNSLLER %
S X KT POD CsI FAR
Heavy Rain 90.70 85.40 6.40
Hail 95.59 84.42 12.16
Thunderstorm Wind 78.99 64.38 22.31
Tornado 96.90 90.58 6.72
Mean 90.54 81.20 11.90
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Table 4 Ablation experiment results of DOCnet on the VIL-SEVIR

dataset
%4 DOCnet7 VIL-SEVIR##F5& FRHRRH &R %o
ol POD csit FAR Accuracy Precision Recall
I 1 I 1
ResNet18 75.52 59.74 27.04  74.20 73.72  73.64
OCnet(OctConv) 89.13 78.28 14.01 86.94 86.92 86.43

OACnet(OctConv+AtrConv) 90.12 80.25% 12.73 87.74 87.57 87.23
DOCnet(DOConv) 88.63 78.45 13.12  86.94 86.95 86.38
DOCnet+Flooding 90.54 81.20 11.90 88.38 88.28 8791

5B/ T DOCnet BRI 5| A S AL HL 5 S 808 &
A . AT LA 5L ATRE RS LT DA
BN RS BT R i AR S e AR

Table 5 The amount of parameters and calculations after DOCnet in-

troduces each module

5 DOCnet3|NBERENSHENITTESR

model ZHhE(M) (M)
ResNet18 11.175 813 1281.414 144
OCnet(OctConv) 13.950 149 1045.438 464
OACnet(OctConv+AtrCony) 13.950 149 1045.438 464
DOCnet(DOConv) 7.708 613 625.534 464
DOCnet+Flooding 7.718 021 712.238 592

K6 JE/R T 5 Az BEJ7 5 H R DOCnet A58 5 75 56 i 42
AR b &R RS RN o ATCT I Az ki Rz it
] {1 5 0 0.000 1, BB YN ZRAEAY , R ALTR AR T RS
B AT SR TR B i vp R B4R T2 AL RE )

Table 6 Comparison of the results (average) of DOCnet on the verifi-

cation set and test set before and after the introduction of flooding

method
FR6 SINZHERIEDOCnet FEMIFEMMIXE FE R (FHE) T
%
el IRUFHELE R (mean) T AE 25 H (mean)
mode POD  CSI  FAR  POD  CSI  FAR
DOCnet 8970 8090 1133 88.63 7845 13.12

DOCnet+Flooding ~ 90.17  81.30 11.29 9054  81.20 11.90
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