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Continuous anomaly detection with meteorological big data
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Abstract  Abnormal climate events have demonstrated an increasing trend with global warming in recent years.
Continuous abnormal climate events refer to the phenomenon that weather/climate state constantly deviates from
the average status. Compared with the traditional definition of abnormal events, continuity and overrun of
continuous abnormal climate events have been often overlooked, but they also seriously affect the production and
life of the society. Aiming at filling the gap that traditional anomaly monitoring methods cannot detect continuous
abnormal weather, this paper firstly presents a probability-percentile algorithm that adopts the continuous

abnormal monitoring idea with continuous large deviation from suitable value. On this foundation, gated recurrent
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unit (GRU) neural network was applied to predict continuous abnormal meteorological value. The model was

applied to daily meteorological data of precipitation, temperature and wind speed at 166 stations in mainland

China from 1951 to 2020, and the results suggest that as the duration increases, continuous abnormal

meteorological value presents a fluctuating pattern in most regions, rather than a hypothetical downward trend.

Therefore, significant attention should be paid to continuous abnormal weather with high duration and average

daily meteorological value based on our model. The method proposed in this paper can be used to monitor and

predict continuous abnormal climate events, and is a valuable supplement to traditional anomaly detection

methods.

Keywords continuous anomaly; probability-percentile algorithm; anomaly detection; GRU; meteorology

BE NIAL SRR, 3 U S s AN TS
BRI AR L], 2000 4F 2 2019 FHE]), 4Bkl
SR 7348 MR FE, Rk 123 J1NBET:, SRRk a sl
FIA 2,97 JALETG, AT UAEHIL “4 NER [
K2, S S AL S B R (U ) DA R 2
FrH R ARG S o R R SRR 4R
R KRB, i gk R R K F £ (Continuous
abnormal climate event)& ¥ RS (S5 IR 1 L™ 5
b 5 P IS 1 — 2RI G Ok FL A LI E X))

ULk, B R E. 2018 EER,
MRS SR AL 2 B B, JEHRM A 2 S
TEREDH 10 RN, Kol a8 s 3 sl L. if
WHLHIE H i, Wi Nh& S 1M, 2020 4 3 H
30 [T, 7R ARSI T 7K % B F 4 I ] A s 5 B2 B 7K
T Bk, LRGSR E T179 75 BRR 4 b
B AR IBORAE B, EROE K 1 ASETS, 4 NEL,
123 Niefi, ERHERATHRKL) )y 2235 Jioobl. 4k
SH S AR FLE AT LRI R IR NIELE 2 G 7 TG R A
AT, HEIRAELS & R R R B S R
B2 T A e AR 1, TR 20 N SRIE B AR A 7
18 B B LI, SR RS S H R A A DS
FAN, W7 IR SCIEAPAE [ R, PR 20U ST 53
RS S v WD 5%, B FL R A R R RN 22 3 A RS ALE

PSR, RT3 i 97 B K KT HE AT -

HRDN T3 R il s R T W, —2
16 Bty T LA UL B4 (IR ) WA L e 22 e AR AIE, —
T RS i) RBLFK) 27 A AR e (RS 28 ) E AT Tl ol S 68 7
FEARIE IO 7, KA — B3, Rl K. .
W&, HEMREEBED 72 RRE, mas AT
AL AR S R BB, DR R K 2 G e R R
SR LP- MM R )RR - i BB By
A HIll BIEER, iR & E o Ak . Hill
Pl g v PR v A FE R AR BT A B (K R A, 0 S
L RS R AR A R 1) B KA B A AR P PR
£ 3, AR Mk BB R G — o A H
RGN RAREA, A FIEG ) GOR I 2 7 8
KA I P 27 B30 228 BUAF- A PR

FEREARERTN T, HTRRREZ LN
RHW, REAREA AR, BT B
WA ENE, IR AL G gt v A A2 (1 F500
BOWME . T AT R SR RS 45 RE TN A2
2 (Artificial Neural Network, ANN)TE 120} 8] /5 471 (1) 3
) A R R R B2, 5, Sulaiman& Wahab
£ FH ANN A5 7R 5+ 1965 28 2015 4 4 3R 4 31 32 5 JH 5 7 5
PEEI K EBEAT T, IR AR B TR % B8 5 1% 5 00

#r 75 ¥ ARIMA(Auto Regression Integrated Moving



Average)HH EL A, 45 B B ANN B ELAG 0 e Al R Fa g
TN A 7704, gk 4h, ScherltSl, Abduliah Z5£0610L K&
Gessang 574 5% T ANN (#7315 5 8 R /<

S B AT T 5 R DS 8 R,
EARAFAEINTS 3 AN 55—, S RAREA IR
BB 5 B — 0 B R AN IR S 55—, BIEK
LR T B K . A i RO TR A, BUEfE S
ST ITEASAS B B I AS PR RR S A SR 2 8
AT S BESE R H AR, ZR BRI KA,
{ELE T % SR PR AR PR PR AR 256k AT A 7 A 35 3 AR K
M 5=, AESEH) ANN FI T i oA i O 2 2 S
LR ANNES GV TRE ey i rot i B AR L NE | 27
PERIFH R R R .

BEXE IR, ASCHR Y A AL SE TR
B, WIRESL R E AR B AL R, A
IR PR BT AR 22 X 4% (GRU) TN 482 7 3 S 5 KT,
LT B AR I S e B U S R AR R R R RFAE LA SRR
XF FEAT TR AR AN I T, 2 R VAl
G T S AR T VA ) AR A
1 BUBRMAIE
11 HiE
111 Hdlki & b3

ASCHERE 1951 4F 1 & 2020 47 12 4L 70 47 166

MRGEGPEKE, AR ROE H ARS8 R Rl F
FEor . FdE IR ELE # E S % 5 (China Meteorological

Administration, CMA) [ %< 415 K&+ 0> (Meteorological
Information Center, NMIC) = [E] [ [5] B A2 8t il = A 55 K}
FEHd £ (v3.0) 181,

DNORUE AR &, A O SRR (1) S R B AT Bk
RAERI S8 (A0 A R 38— A a6 o - B 5
WA EASE, S5 ) LR Z s R 5 A — KA
A HAR SRS, AUEOLREAT R R s AR ROR
F K56 (Penalized Maximal F Test, PMF)Z#& 112 545 it 11)

166 N ARuEEHE TORMS — R R 09, (R AS SR A 11

=
Hdfe i A I EOR, R B RR R A 7 3R
ZAE

DX 45kl 73
166 MRk =2 8 A & @) o 4 T o ifrIX
SRR A, BB T X AT B AR AERY, {4
Xy 6 Ay X, JEEFUER . AAuIX, R
AT WM I T AA S AR, 3t 33 s pPudkiX,

STREL CHMN . B, T BRAMASE IS, 3t
38 ufi; MALHIX, AE AR, dbgt K, Wb, .
L PG AR 52 R, L 30 s ARFE I, A EldE.
WiE . B 2B WL LEEAIIOR, FE 25 0 PR
WX, WEHEER. WL =5 53, 3L 23 uf; FRih
D, Q&R T, dER AR, L 17 P il Tk
BT B TP BURL, AN 3
NEARIX IS

1.1.2



1600 km

800

N i | o o =B A
LR E X ] X

C AR p X [ ] AR 4 X d

Fekg 4 K 4 KR
30r
ﬂﬂ 20+ _H+
.
£ 10+
= +
@ + ..................... | T 4 } _____
ol | Y
10 . . . . .
#wIb  wEdb #db ARE TR AR
M1 X

(a) 1661 CE k1Y 45 0] 9 A

(b) 3R LR IR AT TR =R

Ve B 1 (a) 2T AR BT AR AR v b 1 AR 55 1 K #1815 0 GS (2016) 1595 5 Rt B il 1, TR IE k.

1

Xl MR g T

Fig. 1 Regional division and descriptive statistics

NI 6 NI TGARHE, #ATMIR S, 6
A X B R G DL RS R 224 B (errorbar) U
Lb)FTR  RZERR I A R R AR M, FE K
N2 bR B E ()T R I, B FEHAE 6
ANHEIX SRR RIS R bRHE 2 A7 RO W B %
St EBKETH, BEMHRZID, w2l s
ATREAE, F BLISME R R X, B K R 20 A A R
OYHL: ERGE T, ARdbHh X B GRS E RO, HUo?
FRFEHL DR ARG DX, AR IX H XG4 b v 22 3 9%
Ny FEASGRTT T, AURIME R A 1A 50 A 5 R K RO
Al H1E L) WATEAE H, AR X FE TG K 2
SRR, DA B RN, R A SR XA o
B, ATRAHEATIESE e I T AT AT
1.2 RERFE
121 “MEFE-maoh” ik

X S TEAT U ) R S o s ) S B
BRI, AT e e B8R H AR R BB X .
SR R 2 M B AR CSCH R ILRER LR, &
AN ) SR ZE R BOR, TIEE SR — SR, Bl
AL UL EAN It g B AT U)o

A SON T B 8 1€ UL SO R FEA R
SR, MKW “BME-" 046" 5
(Probability-percentile algorithm)i#k 4T 3 4L 55 1151 o AN
TAERAER A RZHNIRME, ELRTRT 7
W HRARIMEEREUN . BEEANIE B H R — 4
LR X, RRBERHY R, W2

Fo ()=, (e)dlt w3 B8 £ (x) M8 253 P o

o A A AR B UERRAR) Parzen i 7%
WasE BRI A B A, S A SRR A A 709
B 42 LT M 5 T B M 5 M 2 1 (B 2 15
e X DA T BR AR, AT IR %
{1 70 HY B2 F B %K 2 R R R I . W
00D - o (oipise 22 10 ) B 9 Xk =12, K

dx

B %, > (F ()< £/ (x),xe X) o ESE 55 (1) 1% 3%

{1 =min{x }k=12,-K .

W ESCTR, Rk e — R R R AR
W75, 1 BLBRATTIE P i () ST B e o R U AR
1, FREAETFHIIEE 95 AN H L Pos 8 NIEL: R
0 — it RN TRERA n ME, KX n ME
FEF AT X, %,y X e X S MEZNTEEET x|



N
~m-031
n+0.38"

Sef: m Jyx MRS, Pos B P =959 it Riff) x_

@

6. WERA 50 AME, WEH 95 DEnAHENHR A

X5 ( P =94.66%)F1 X, ( p = 96.65% ) I 43 P47 .
TEVHEAF RN F Pos J, TS 5% BIE ¢, & SUN:
¢, =min{Ps, 1}, 2
Pk, *ELRFEARME ¢ ML C>C ,
ARG, L 248 3 IREL 3 IR LA L R A2,
DRI AN, 42 i T S 3 T P (R i A L/
RAE X, FREFSERMCSINESLRT RS, S

FREE RN A AR, DMEE ST 7.
[TEIEIA TP 22 2%

A “BER-H 007 BRI ME)S,
Bk AE MR TON . ESRE T RS R AEH
WA A 18] R )~ Fp 8RB B T34 H A RABLA 22 TT I T8]
Fe31), 2 ol ()5 B0 K T 75 v A SR A 46 4t i
FRINLE B TT % et 7k an v B (el YA 1
(Vector Autoregressive model, VAR)Z % H— & 41| A5 44 45
FEVECTRT R, HE DA AR AR 2 PR SR R 80 e W ) 7 41 [
T . H T 1 1S 2 B e AR 25 9 4% (Gated Recurrent Unit
Neural Network, GRU) R A0 [ 457, FAT14e A kst
ATIEBE R T R R T -

RIS R TN X 208 S5 K ) T TR0 30 B e 22 10 2%

K S 0P 2 kA 2% (Long short-term memory, LSTM)[281{

1.2.2

NG M 2% (Recurrent neural network, RNN)AJER#
ARk, T LUAR G LA e RNIN PRV 8 2 ATRE B KR 1 il
RO, 1T LSTM [ RS A4 32 2 2 S B R [7)
R, Cho S50O7E LSTM FJEA_F 32 Y A BN fal s (1
RS ZERIIK) GRU, & AT LALE GRAIE TIIAR 2 P [T B 92> 1]

ZKAINGHIZH, WSCEZE . GRU HIX T LSTM KA
S BRSO E T5 LSTM 1 3 AN 145/
EHIMEE] 24140, BAEERTTREAE.

KRR IESE R bR #ELL, KH] One-hot % fithxf
FREERBOIAT RF LG A5 =, K 800K 1F i)l ZRdk . 20%
HHEAE RS, FX N ZRAEEAT K 428 XHIE (K-fold
Cross Validation). Z8id 2 RS, @S5 2] 2 Em R 1) 75
%, ANFEEGES R AR A& 21 %0 0.001. 0.01
80 0.1 ARSCRA T FA5 i IENE T 07 kI ZRid 4
A, WoE R, AER . TR R BRI K
batch_size A1 epoches 43l & &N “relu”. “Adam”.
“MAE”. 8-10. 3 LK 300. fgfm, MBI
- B 4 xR =
MAE(Mean Absolute Error)BUA1H 2 &% (Coefficient of
Determination) B2 g PEAN Tt kG B2 6 b -
2 HERZ
21 EHZEFRERK
211 FESRH PRKIN 2 AR

166 A Mukrh, PHAEHBIX A HIRR . B . 75
R RS 16 NIk i T B /KA D ANTE AR TR S e i B
K, BRI R K B SN R v AR 150 M50
uhio SBH “MEFR-E o Ar” SRR ARSI S
B K H KB IX a2 fros. B 2 v, A b A i e e
AN SRR PR X ) N BB VRS R, A T T
O IITBORBOR ol Tl i 22 A BRI T A I 2 5
(ERFF- AN HIX, 5 Sk B ) DAt 20 5 A K K H T
o FHE 2 ATRUE H, 6 ANHE X R IS 7 K X
1) 5 B AKORE AW, 5 G b b [X R 2 5 K
DX TA] b BRANR BRI BAR, TR X NE a7 e, X
WAIE R 1 A R R A HERA 1 -

LA 57447 AL B 5 ], &l 3(a) Ll 1 ik
202046 ;1 1 H= 9 H 30 HARYHFEKEHLE, BRT

RMSE(Root Mean Square Error) .



17 HHBL T HEKE RIS 191.6 mm (R RERM, H SRR SRR, AN FE R 5 A5 1 M i B 7K
AR IR BN . FIHZ RN Ia W . B8 AR REL 08, TRERSR
UGBS K, ML R nEmiGs. BEEERES, TEGRIEM, ERBOV™ERER.
CARFE/K BN, SR B R N F5 8 IR e s L K

S}zya

53915
g1d

ARt X
LI (@18
et X
ARrgHX
VU e i X
R X

sb‘q;\

JRNRLE

B2 EEREREKRNGRER

Fig. 2 Demonstration of continuous abnormal precipitation recognition results
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