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Abstract

Based on the data accumulated during the parallel observation of precipitation weather pheno-
mena carried out throughout the country, collect and sort out the automatic observation data and
manual observation data of the precipitation phenomenometer, analyze the raindrop spectrum
data file generated by the precipitation phenomenometer to generate the corresponding two-di-
mensional image. At the same time, combined with the artificial observation data during the pa-
rallel observation period of the precipitation phenomenon instrument, the deep learning image
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classification technology is used for training, and the automatic recognition model of precipita-
tion phenomenon is established to complete the automatic recognition of different precipita-
tion phenomena. The average accuracy of the model training set and validation set is 86%, the
test accuracy of rain is 62.7%, the total recognition rate of rain and drizzle is 89.1%, and the
test accuracy of snow is 93%, indicating that the scheme of automatic precipitation recogni-
tion based on the raindrop pattern generated by the deep convolutional neural network is
feasible.
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Table 1. Summary table of station data

=1 AUMBIELEE

wmS AT B U5HIX EEW [EE] WRE Ef KE

1 50772 2138 879 9896
2 50892 6430 554 12,549 2
3 58633 40,815 1241 612
4 54328 Y 8229 122 905
5 50655 K& 9330 230 9855
6 50964 J51E 9 5505 742 10,400
7 50247 BITLR N R 8969 580 6884

58550 P4 52,613 1271 1317
9 58457 WM 3681 17,057 487 1500
10 58549 ! 24,979 260 985
11 58642 e 29,718 412 1451
12 50659 TR 7139 299 5686
13 50962 K 4070 458 8620
14 54098 HORIT AR PRI % 6307 149 3451
15 58745 29,832 366
16 58448 FU I 22 3007 12,444 388 1284
17 58424 TR R 3170 29,375 233 2479
18 54597 JERE I 2673 985
19 54596 b=l 2471 463 241
20 56664 LEGHEEE 10,123
21 58929 [l gt S 6341
22 58848 BT 10,918
23 58845 A PR 10,119

it 9867 337,595 9134 79,100 2
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Figure 1. Two-dimensional map of five weather phenomena
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Table 2. Training data set
= 2. NGHURE

PURIRA LR GK)
EEW 9867
5 10,100
MREH 9134
Ef 10,300
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Figure 2. The structure diagram of the five types of precipitation recognition depth model
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Figure 3. (a) Recognition accuracy rate of training set; (b) Verification set recognition accuracy
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T REARL B EE, G R T W TREEAR, AR REEAME MREE, Hod
EEA 320,446 5k, T RITERFEAR 67,800 5K, VEANIE D03 3 MRAREFEE TR~ B HINGRT R UET,
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Table 3. Test data set
=< 3. MR BREE

abIE il JSYEFi WEEHEE WREEE
EEW 9867 9867 0

& 337,595 10,100 320,446
MREH 9134 9134 0

E 79,100 10,300 67,800

5.1. FIREATLR

R AR AR AS 320,446 K, FI VIR A B A0 B R0 I AR AR R AT B 3R, IR 45 R EE W 86,682
K, A% 26.4%; TN 198,350 5K, [5EE62.7%; WIETEH 30,226 5K, HEE9.2%; F 5188 5K,
1.5%, VEREISOANZE 4 IIAER R SRR .
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Table 4. Accuracy statistics of rain test
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abilEzil FEAH An®E
EEMW 86,682 26.4
5] 198,350 62.7
e 30,226 9.2
EH 5188 1.5

5.2. SHAMK
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Table 5. Snow test accuracy rate statistics table
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Table 6. Confusion matrix statistics of test results
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HAGER
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P ( ) ( ) ( ) ( )
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