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Table 1  Brief introduction of 10 cloud categories
= Py fAFR ZE/m I
M= (cumulus) Cu 500~1200 44 250, TR IR Bt 1) 1280 , i1 %35 B
FUFN Z ( cumulonimbus ) Ch 300~1500  =URER, GUGHEW IRIRBERET, 5 A T R
K= JZZ: (stratus) St 50~500 AN NERESEE I E AT AV NI X 2N
JEBZ (stratocumulus ) Sc 500~2000  mRSEHUREACR, 8 KA 0K A6
)2 2 (nimbostratus ) Ns 500~1200 =K ELGAEM, 56 AR, # AR A LRk
B 2 S (altostratus ) As 2000~5 000 IEEEKLSCR, ZEEKAMG
e FEHZ (altocumulus) Ac 3000~5000  HEGEUR A G, HEP B0 A IR A BRR R
# 7 (cirrus) Ci 7000~5000 A ELZAR, I HEFAER 2
N )2 2 (cirrostratus ) Cs 6 000~9 000 =EFLAM, WA, Bk
R Z (cirrocumulus ) Ce 6 000~8 000 = MRHBL/N, W 5 E 8 R R BUEEHES

PR AR A B 2y, b3 25 43 2 0 R A 50805
AR AT AR 24 H 3 AR S A A A R
Tl i 2= R /NG S : SWIMCAT . CCSN, #-%F 3 Fhr
KA B EE 2 o FRE A HE MGCD |, GCD (Hb A = %k
PEE) HBMCD #7041 & B A = E i 1
JRoR &R A LR 2.

1) SWIMCAT k44

SWIMCAT FHi4E SFR BN 4 K 28 5 53 2%
BAREE LR Dev S0 T M a0 BER K28 L%
A& (WST) WSS T 1) 3 o e 4 O A4 b 3k 2= 4
PEEE , BN 784 SKRBRIELT I = 53 A %5 (clear sky) |
1R G 2= (patterned clouds) JERE 2 (thick dark clouds) |
JEH 2z (thick white clouds) .72 (veil clouds).

2) CCSN %4k
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GCD Ui 52190 2 Bk o M 3 = B0 42, 0 46
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Table 2 Summary of ground-based cloud classification data sets
e e FEARL Sy PR eS| 355 25
SWIMCAT!4! 784 125125 5 clear patterned thick dark thick white ,veil

CCSNI# 2543 400x400 11 Ac.As.Cb . Cc.Ci Cs.Ct,Cu Ns. Sc.St
MGCD!#] 8 000 1 024x1 024 5 Cu . Ac.Ci Ch . clear ,mixed Sc

GCDHH! 19 000 512x512 7 Cu . Ac.Ci.Ch . clear mixed Sc
HBMCD 10 942 1 358x1 358 11 Ac As .Cb . Cc.Ci Cs,Cu,No Ns.Sc St
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Fig. 1 Various sample images of ground-based cloud classification data set
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Fig.2 Feature images of ground-based cloud by CNN
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Fig. 4 Results of eight CNN models running on SWIMCAT data set
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Abstract With the rapid development of deep learning,its automatic learning characteristics and accurate predic-

tion ability make it successful in ground-based cloud classification.More complex and better deep learning networks

are applied and studied in the field of ground-based cloud classification. In the past two years, some large-scale

ground-based cloud classification data sets have been published,yet there is no literature on fully introduction and

use of these large data sets.Here ,we list the lately issued massive data sets,then introduce the cloud classification

technology , especially detail the latest research progress in deep learning-based cloud classification, and finally

assess and compare several classic convolution neural network learning models on their ground-based cloud classifi-

cation performance.The convolution neural network is verified to be effective in the field of ground-based cloud clas-

sification.
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