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Abstract

In recent years, a large amount of unlabeled data with high-value information exists in the field of
meteorological research. However, it is very difficult to mark these unlabeled data with high con-
fidence, and these data are very important for establishing an accurate meteorological prediction
model. Based on the situation, this paper studies a semi-supervised learning method based on
co-training and used for drought disaster weather analysis and prediction. This method uses a
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repeated labeling strategy to calculate the confidence threshold dynamically according to the data
changes during the training process as a constraint condition, and proposes an enhanced co-training
method to evaluate the confidence of unlabeled sample data in the meteorological field. In order
to evaluate the performance of the proposed method, experimental analysis is carried out. The
results show that the performance of this method is better than that of the original co-training
method, which effectively improves the classification accuracy of the classifier, and verifies the ef-
fectiveness and significance of this method for drought disaster weather prediction.

Keywords

Disaster Weather Forecast, Data Classification, Semi-Supervised Learning, Co-Training

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 53|

PSR ERRRERETSIE, SRR TREFERMTUREHL LB, HEymEte
MATFRE. Fik, WRRTRITHEZHHM, TR ERTIRA MK IR, 2
i BN A S B A HEEER

SRTMT, R IR RBEE PR SRR 7 AR R AR, e B 5 o) ke s & Fb A H ToAR 25
FEAREOE, AR EBI AR S ST Re . (R A SR KB I TE PR RE AR G - B R AR 22 R 2R, % F5L
WP AELE KB I A FEA, AT ™ E s e 55 20 (R PE R . 7E A A 9T T/E 7, Mathuranathan
Mayuravaani 55 A\ [ 1]t —Fl kT 45 R0 20 0 265 1) 4 M B 2 =) O V2K AR AN 2 TR B, A —Fh 2t 11
GRI T3 VKA o TN B A B, AR TR0 () AT A B RE A HEAT IR, A8 RS I BAR S H R I 2k, A
R B AR A (A . Karliane Medeiros Ovidio Vale 28 A [2]%F H I 2R B3 T G, AEbRiC Bt it fe
IS EORE 5 R 1 7925, A4S 80 B ARSI AN 28 23 A 22 BEA PR 10 i A2 R RF 5 e A1 i HioHE B2 1) L4 AH
[, A Rhde s TR . E S N BIKEE 2 70 BB I AR I B AN 2 0 KB hr 2 — S R 2E, 42 H
— P2 o ARV RN SR B 21 U, AR BRI B A o 326 36 HH 15 v VU E A ) A 0 e e A
BB B K PR FE R FH AR bR id (S 8, RV T B AR - Zhenlei Li 55 A\ [418 7 58 G Mo R 2 AL AR ) R
PRICHEA, $EH T Aggressive Growing Mixup 59, 8 FFRGEFEARI CARSAEA IR A VI GRIEAY, B T
G, e 7RISR TERE . Siyan Li S8 N[S18 T AL M S 288, 5 T —FiE T OhR 281
N 1) 5 210 500 e M B B R SR e (1) 2R 28, R W 43 S R R I LR (9 PR . Ba Hung Ngo 25 A [6]
K bric FIVEREA /D B RRIE R B AREEAR 3 O ST T IR, 0 —Fhosr 02 B B IS N HESE, AR
A bR IC B H AR 2R B A BN LA AR (9 H bR BN SR B AR B A B, {3 FH
B PMEFF R R T ARbric BFREE M5 S, A RSN KERE . Leyu Gao 55 A [7]18 F e B
STH SR N SRR SR DA HE R R R TS B, R AR I SRR SR T — Rl s 0 B IR,
ZHEIEEAAEIF 2% . Karliane Medeiros Ovidio Vale %5 A [8]5%F = i B 2SIV AT 7T, I 1
RN AT B, $R R B EEAR T, AR0RT T tERE. Jia Lu 55 A[917E B A
SRR R E R — AT AN 2 W B RN SR v AR A R £ R o S AN S B AR R AR
Pl Il SR FH 5 288 v DU 0 8435 1 D) o 2 9 /PR b R b ic Bt SRR A RO i ok 1 v LA B HE D IR AN

DOI: 10.12677/airr.2022.114040 388 PNER ST IR YN


https://doi.org/10.12677/airr.2022.114040
http://creativecommons.org/licenses/by/4.0/

S R, B st R B RN RO ELAME A . Karliane Medeiros Ovidio Vale 25 A [101%F F YIIZR A1
[N G5y 0t A7 e, B A [ ) B A B 7 R O AR P R AR 5 (K 5, $2H T FlexCon-G
FlexCon #1 FlexCon-C =#7J57%, I H=Fr ik #OLT IR A6 1K) B VNSRRI B [FI 2507 7%

ARSI SRR V2 AFAE I TOAR SR AR B, ) FH 2 TP [F IR i B 2 ) ik & B A O
FREBREAREE, (E R UG [FIIZ5J732:(OCT, Original Co-Training) [11]#3EAY E, 18 FH B 2 brid SE0%, M5
WZRId FE b BRSNS B v S B FE BB A NI A, FR AR R A 5 732, et T —Fhig
s PRI ZR 71 (ECT, Enhance Co-Training) sk pF-fili 5 4138 H (1) To AR 25 A E0 4l 1) B A5 B2, AT DA
PREREARBEA L 8, i H AT DA RO 3R A (2 S R RS, SRR RN RR

2. ETHAETENTRERERRLE

AT R RERAFEGEIRER A TIHRAALEIR -6, K308 7 24 54805 JRiR%
PR TR FEAR M, BTS00, B T7E LB B ARG T 555 9 i 1 PR 8 A L B A,
FEHCHE S PO B (O RE A I8 /0 T AR AR, BRI SR AR B0a h X PR AR G 91 1 98, b3 s s
FEAN 5 AN, RFEWTEEWLH53 5 4: None CET#). DO (R% T/). D1 (FET5). D2 (&
F5). D3 (HEFETF), HApRpFAR AR & R i B ST 500 . FIR 25 H T WS10M JXUEE 10 oK
(m/s)s T2M 2 KIGIRSE(C). TS HhER 7 BRIRE ('C) % 18 FhaEs S S R B R B MEARAE, Hh N E
FHEREL S T 90 RIEME .+ T RARHE A ST it 7810 1] R 52 ¢ 35 50 4R o 44 .

2.1, BiEALTE

BT RG TR R ERE PSS EEE, FETFEERELIRELE, WRassEiiesk, FEE
B AL A BB |5 S LA, M B e i o) T 58 B Ak e AN K

SR 4G T 59 B AR AR T T RN SRS AL, T SEBR B 5 ) A 55 A 2 B Y
(), REBFRMAREHAT IR . B, X+ FKAHE A Label-encoding #47%4t%, Label-encoding
¥ R ARRFIEE G AS N B 58 SUIIBCEARSS, B2 bR T ls, HRHIER R A s, dhm sk
RFE.
22. BURRIEMIE SHELIE

X F R UE T2k FEEAR MG — AN B ERHE, #H 90 KAV GBI R, 1MiX S5 ik LES
OISR BT A, DA SO T 5 F B R N B YERHE 90 RIS R, 407t 5 30 K.
60 K. 90 RAGHIEMBIME, FoitHm KE . s/MEMFA R, SEmS 2R RS . 2518
FH XGBoost X # Fl Spearman #H ¢ R EO BT RFIESE A AT RIIEIE R, 4l XGBoost BUE £ H K TF
YIRUEPIRHIE, X Spearman AH ¢ R E0 L XHE HE P 2 HUAT 50% [0 & HERHAE, B e Kk Hls XGBoost FLE
FI1 Spearman H 5% F2 B £ 1R BB AE Dy doe 2 AR I 25 BT A FH 10 J8 PR AR AT o

2.3. EF SMOTE 5 Tomek Link & A& B L ERIEHA

JE I 0T 5 5 T HCE 23 b R AR [ £ T 5 S s B AR T R AN I . SRR SRR AR
9l 712 AN S 18E 4 7 R S AL ASE R ) T R, TR YIS I AR TR AR B S A 1) TR 2 AR AR . BRI,
T TN B AR S AN T (R I SRR B AT B T AR R o A% 3 00 BEATL R SR AE D7 Y M B A A P i L 1
AR R EA HEE B IIREA . BEAL KRR 77 v 6 B 52 ) D B AR AT e 2 S 8U™ = L A
FH & DB A AT RRIE 2 5T N TC R L 20 FH R A B, AR A SMOTE 5 Tomek Link

DOI: 10.12677/airr.2022.114040 389 PNER ST IR YN


https://doi.org/10.12677/airr.2022.114040

MG, PRI REEM R RO S & AT IR & R A, IR A AR I IR A 2 DR A
HIEL D REAR ST ZHRFEAR KNS, AR FRARAS T L
SMOTE i KAFFIE[12] 1 e TS D B A x BB T FEA R B IRER S, 53] K ANk
WREA, ARG EE— DN DBEEREA x, I KR ARREA R B — 0 R AC X ZJa iR R Q@)
HIFEA
Xoew = X+rand (0,1) *|x—x| 1)

Tomek Link JCRFFEIE[13] 1 a4k — % & T AN [F) 28 1) ELEE S sl AR AR, IR0 REA B o il 41,
IR G RS A TP R X R RE A HEAT IR, 4550080 4R rh BLOA Sl S AR A X R & T 8] — 20l

ff ] SMOTE i RAEFIE S =RV 2 FHIAEA, TEIX SR A b 2 72 A 5 2 (R A, SX I Tomek
Link ZRCRAFEFIERE X LLAE DA A3 IREAGT HEATIE G, DB 4R b e A 4dfls . SMOTE 5 Tomek Link
FHSE G I SRS HOE B2 5 28 0 23 A S8 351t

1 78 T KH SMOTE 5 Tomek Link #H 254 I 5L BT 5 2500 B 11 5 5 10800 o0 A o X5
REFIGENMH SMOTE 5 Tomek Link 45 & SIEAFE Y 5, BIREREAE WA, $inaFlT 5%
A K

160000 . BUETERIS
e BETEES

140000 -
120000 -
100000 -
80000 -

60000 -

40000 -
20000 -
0 =

DO D1 D2 D3

None

Figure 1. Quantitative distribution of drought disaster data before and after balance
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Figure 2. Co-training method process
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Table 1. Accuracy evaluation using OCT and ECT on training datasets of different scales
F< 1. 5/ OCT #1 ECT F A EE A EIEL I Zh BiE & L A ERR R TAER

Bk 5% 10% 15% 20% 25% 30%
OCT 56.90 67.18 73.24 76.95 79.69 81.88
ECT 60.53 69.06 74.17 77.51 79.98 81.98
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Pt OCT U5k fs 7 i fRE o Bk, SR FR T VR I HER A B B A AR R 28 I ZR AR K 1 73 L3 I 369,
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3 30% S, H T AT LAAE ST AR S B 105 B 2, PR TTIRENERE I ZE R IF AR

ASCHEH ) ECT Jrik P A M 1 a2 AL i EL AR BEBRAEL, A2 XT TE b2 a0 AR 4 45 P2 B fEL A %
I, ANSIEFEEEART BE LR E N TR R A, N Sy #nr SE R E (S B & 1 bR 25 B A A
L ERRZETNAE, DAL, XSyl e 3 (0 BCR AR A X 70 88 BT R TH I, 3R 1 o R 2
HFEHKI 7 2KEETT
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Figure 3. Percentage of instances marked by different methods
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Table 2. Accuracy evaluation using OCT and ECT on training datasets of different scales
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Bk 5% 10% 15% 20% 25% 30%
oCT 82.90 86.93 90.72 93.26 94.83 95.94
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Figure 4. Percentage of instances marked by different methods
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