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Stochastic modeling research progress of hydrological non-stationary
heteroscedasticity series in the changing environment of watershed

SONG Songbai
(College of Water Resources and Architectural Engineering, Northwest A&F University, Yangling 712100, China)

Abstract: The heteroscedasticity of watershed hydrological series caused by climate change and high in-
tensity human activities has destroyed the precondition of Box — Jekins ARMA model. In view of this, the
main research contents and approaches were proposed based on the domestic and foreign research progress
and current major scientific problems. The observed series of finance, economics and signal processing
are similar to the heteroscedasticity fluctuation characteristics of hydrological non-stationary series in the
changing environment of watershed, and many successful cases have been obtained in these areas. So, it
may be feasible to apply the heteroskedasticity principles and methods of these fields to the stochastic
modeling of hydrological non-stationary series. Also, it is a practical modeling approach compared with
the distributed hydrological models. Some ideas proposed in this paper are expected to shed some light on
the accurate description of the changing law of hydrological elements in the changing environment, and to
provide a basis for the planning, design and scientific management of water-related projects, as well as
drought risk regulation and control.
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273 e, W) H #H 5% bR %X (autocorrelation function,
ACF) BARA M P45 , BUE A B AR E, (H 2,
&) JFFI ACF BARRAHIIKEE, (2) 5454
FRFFFUAH L, — 280K SCP AR 5 3R 3h 2 5+
SRR, INE B Z AR R A /NS LA
RN BN 5 9% R R i B B BE RN (volatility clustering
effect) , L B AT BRI 53 07 220 (7 2R W0 .
(3 AEGE Y BE ALK SCF 31 73 B 2 W Box = Jekins
B s7 H BIEW 312 (auto-regressive moving aver-
age , ARMA ) #8Y Je LR A= A BEALE AL , 50 485 22
o3 R ZEI ARV AT 91, 4% B ST ARMA 3
RIR) I AT A, X SERE R A TP S R sk 22 17
G &, PTG A IR TEZS 534, HLJ7 25 0 8 (5
J52%) SR BT I AR PE, DR T T A A — B A A
P MELUAERE B DL EAE AR, O IR T 881 i
WK (— B ) AL

AR, A Z5AF T K SUF AN 2 Box — Jekins
2 ARMA BERYE ST ORS00, A RE TIX 28 5% 07
2EVER B PSR, 5 AT I B AR P AR S O 25 1
FE9N AR T %, LAY SR A B ALK SO 1 BRI A
o 20 ALK, h ARMA BERLA i 1 V7 22 il
PR &b Az A 12 52 W T T ( auto-regressive moving
average with exogenous inputs, ARMAX) & 7l | J& 11
H [8])9 ( periodical auto-regressive, PAR) ¥ %I | pR %%
% % ( functional auto-regressive moving average,
FARMA ) # 5 31 3 ( auto-regressive conditional het-
eroskedasticity, ARCH) ##U% ; SV (stochastic volatil-
ity ) Ji% | 15 B A A ( generalized auto-regressive con-
ditional heteroskedasticity, GARCH; auto-regressive
conditional heteroskedasticity with skewness and kurto-
sis, GARCHSK) M /3% #i% ( vector error correction,
VEC) #R155 , B 7Rk 3 ARMA 58S (4 14 E | PR A
FERNZ F FERR B 38 7P 91 0 B sl ke vk, DA Sl 3R
GRS 05 25 S R S DA R R RE 7, X A
RIRF S AR T 5 05 26 PRI Bl /K SO 9 i AR
H AT, b ARAITE G il 255 S SIS TV 2 )
NEFHZRMB . H R X SO AU 7R 7K AR Y 1 A A
N, L A TR o At 35 A 1R ik 3 1 452 28 %)
FEl T T RS R AR SO S E A K S
SRR Sy 25 AL AT A R Y AL b, BRASE H R E—
RIS FE AN A, 5 Hh— 28 AT
AR DR IRAL , LU SRR 0 1 38 78 AL BRI T I dmlK ST
FREMN AR K TR SR
- E KU 4 S (AR AR

2 SRRSO

2.1 BAEEHYE

IKSCF AN KPR IS , TR IRZ 7 &, A
ARG RRBCRSRARMNE R , A E(e,) = 0,50
REA AR A2, R A58 2207 &) A A
FHOCRREL (ACE) BA B B AR M , X Rl ARFAEFR
54453 75 221 (conditional heteroskedasticity) , Wang
EU UG R R, #3220k Sck B P-4 A
A PR IE AN AL GR 22781 &, (1) ACF JEAC
LA RSN R o7 () ACE B AR SR 2
TP, RO P BEATUSE R 5% 22 Y I 5 5 225k 5 53 Ahid
1t W ARMA — GARCH BRI BIF 5 X H 72440 H
B4 It AR AR A TR ST S Al , GARCH A5
REAZ IR AME IR ARMA #5858 22 7 §1) J5 2 Fifi B[R] A2
IR . R ERR E RS RSO 5507 25 2
BRI 4GE -
2.2 BRAEEBNAIEK

Romilly'*! (2005 4%) 237 T 46k A T30 K
WIS ¥4 2% Ak Z= 5 ARIMA ( auto-regressive integrated
moving average ) 5 #1122 7 51| J 2 RIS [ 5 20 1)
GARCH ##Y, 255320, ARIMA — GARCH #5514
5T ARIMA BRI 04 K5 . Chen 4 (2008
AF) W ARMA #EA8UAT ARCH ARV EE S, T rp [ 578
BLEW 10 HAR R mEA, BF g REW], 5 AR-
MA BAAH LY, ARCH BEARLKE 8RR BN 0. 28 $275
#T0.76, V4372 M 60. 45 m*/s FEALE] T
41.35 m’/s, ARCH #5452 B R A7 (W M . Mo-
darres 1 Ouarda L J2 53 J5 22 /K SCJ¥ 1 JE AL 45 22 114
P AT A - (1) K Alberta 45 Camp-
sie Ui H 7K i) SARIMA - GARCH #5747 ; (2) & i
J¥%] ARIMA - GARCH #2AUF142 3 )7 5] GARCH 5
A, i GARCH BEAUA A4 ARIMA BERLSE 22 Fp
G55 2 ER) S (3) In€ K Quebec 44 Matapedia
River il H 427 59 ARIMA - GARCH ##1"; (4)
FET 525 K $8 % (southern oscillation in-
dex, SOI;north atlantic oscillation, NAQ) £Z7F & H [A]
A4 5 7 %2 GARCH #0815 (5) fin g2k Bagotv-
ille ALI7oh INEE R AR (CGCM3 T47) fi th
B 5 HE & RRARAMGZZREARH
MGARCH ( multivariate generalized auto-regressive
conditional heteroskedasticity ) #& T Yysof 2l
(2013 4F) #2577 E R PG F & (75 ) Ipoh FI
Alorsetar 3% H [% 7K £t ARIMA - GARCH # %I,
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Szolgayova %' (2017 4F) My 1 i v A% 5w 1 ]
Hron il Morava % KLN it /K 455 #5456 AU 5% 2% ¢ 7))
GARCH #A1 Liu 45170 (2017 4F) g7 1 AP R i
Wi ARMA — GARCH #7%1, Fathian 25" (2018
4F) ] Zarrineh Rood Dam jiiisk H B 7K 42 30 06 ek
37 I VARX( vector auto-regressive with exogenous in-
put) Fl VARX - MGARCH #i % %& 3 32 0,
MGARCH #1132 A —XF /1 VECH (diagonal
VECH,DVECH ) #5 A1 fE 6% ) VARX FIRIEE 22 (1) 5%
AW 7 2 R0 S5 A4 A DG 85 ) Bl B 1) 1) 22 4k ; VARX -
DVECH £ 7 58 % Jifi $i2 B 7K 4% It af 72 1) 57 25 4
P, Farshad™ (2019 4F) LU B 76 b #b X Urmia
Lake Ji3s, Zarrineh Rood KM, E#EH X 6 7K ¢
s HARH R B, & BRI F 53R 227 &, B
2P 8 (HME E(e,) = 0,Var(e,) = E(e’) -
[E(e,)]? = E(e)) A ok BB B 7] & AR 7AF
1k, 3 FI A Urmia Lake 1986 —2016 4F19% H /KA1 7
G, ST T ART R KRG AR L H R A
ORI AS i 1) ARIMA - MGARCH 275 2 /K {37 1)
(BRI 7 220 48 Hh 78 XA s A8 B h AR i =
A MITIZIE I . Khalek %17 (2019 4F) Fi
I E P AL S 34 S AKOK A E s, T R
T GARCH #AIF/ N - GARCH B RUBF 5T, 45 K %
HI/INIE — GARCH A5 7 2 11 358 3y 1 R0 T30 T e
. Liu 25707 (2019 4£) LLLZRAE 5 ANub A H SPI
-9 FEL35%# 7 T ARMA fl ARMA — GARCH #4
A1, R W] ARMA — GARCH RS EASALUAI FITI0 A J3E T
HifF ARMA BEAS, Pandey 45" (2019 4F) 1)
ENJE Agartala (#2711 X ) A1 Jodhpur (511X ) H
WK B % kHE ST T SARIMA — GARCH #4171, H.
BT REFIBTTROCR

FEE P, J0 RIS K T 40 s 20 B N R R
TF K SCRES S )7 2RI BF S iy 2 00 )
FrEgaER (2008 4F) R T R T F T 2K 561
IK SO A B & I A, 50 F T3 s 4k 5K 3R
DX LA TAT Y i B a7 2% 7K S 3t I 42 /K SOt 4F R AR
TR 1 A B AT, G5 SRR B X i AR T Y
GIAETE 42.7 a BYRAS AN, Fir 37 A4S AR RE A5 450 TR
JEUCHILAZAR 3 W42 9P 50 JEL 300 5 40 3 ) (2009
A BIREIK SC 81 ) 7 22 M, )T R 48 TE T
Bt L K SOk A AR BERE, BT T RO 2200
R, AT T B AR s AT R (2012
AF) LUEL B 7K SC 1949—2001 4F H 72 i £l s > 4]
ORI o, SRR R R R 4% 143 A ST

ARMA # 8| f7 J5 , XF ARMA A5 1 5% 22 7 51 4 37
GARCH #5571, 45 L3R W], 5 ARMA 74 L, 7¥ [F]
— B F/KFF , GARCH 7 REA% 12 = 1) 175 X [1]
(ORERE . PV T2 (2015 4F ) Sy T H B S 40
S VEY I & & SARMA ( seasonal auto-regressive
moving averoge ) %Y & IS AR Y I & & AR fbad
FEAFAE S5 52 205 4 28 GARCH SR IF &,
B, GARCH R RIRE IS AR - bl i S 2 VE W s
B &b 1E, H J, EGARCH ( exponential
GARCH) iy MRS AE:, W IR A28 S H R s & i
MBI, EEAESE ™ (2011 4F) A /N 2 Hr
B, B Xt KT BT 40 i 5 A I HEA TR
#57 T ARCH.ARMA ARMA - GARCH 5%, Hyk
HEAT IR BN 53 8, SRAFIEF /NI 43 B i) ARMA -
GARCH #E Y ; 5 5, A5 76 07 FH T 308 A b DX AR 7K
AT, WESR A SRR W/ N 43 BT () ARMA - GARCH
R —FH AT AT A B, Wang 2510777 (2022,
2023 4F) i | ARMA — GARCH # AU gE 47 H 42 I A
P, WS TR AR . BRI Z b, 8 KA
i LA TP 0 S5 22 20 (B R 45 (2014
AR ) ) RN 4 W I e 3B A v (1) S5 Ty 25 ) (]
JOHRAE (2002 4F) ) SERFSE

3 AFER T EREA

HRAE bk B N SMIT STk e, 2B 3R 85 T 3R P12
SRIEBNK P9 5707 28 BRI TEAFAE DL T B2 R
[F)eft , 38 Y) it Bk — DT AR

(1) 2253z ] A AR AR 43 B 32 U
HNZE S WL MR A th 2k e 5 0 1 i Ve Ay, 2
S BR bR AL 5 e Ak o PR e 41— el
M7, BRI R R 7 9 o 2250 PR P 91, —
KV, Ltk BT 9138 3 — i 22 3 PR U etk a
CIRIENS 2 ey =711 0 P i P o e S e e =% Rl
Bth L@ m s, e 1 (26K 192243 7T LATE
B R o3 s e o (B BEE 2500 I B3 m , 22
SRR INNE BB R Z 3 K, L, AR AR
FP ol BE 22 53 %F ARMA A58 f AR 7 A R 52 )
SRR B LS, 75 B — B AR B AR AR
BRIk

(2) W IR SO 9 e B8 11 A6 4 5k (I
P AR OC FR B 43 Bk g s P AR A e 1)
AR BA WM, K i E &7, ADF (augmented
Dickey — Fuller) ¥ 36 i DF ( Dickey — Fuller) ¥ 58
HeE T ARMA (p, ¢) BIRE A%, (L, ADF
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o 9610 B AR AN AR (Wiener process ) BYFRS) , 7R 45
SE B E KT AR Y I FHEL A BT R B5OR
Hagii i B T, gtz g s
SE W Im FHER A B A R, A N TR B 408 B
IS XTI S . R, 75 2 — D B AN [
BFEKET DF K5 (TSI A A4 1 A% A
[0l 4544 2l B 3 ] I 2548 ) A1 ADF B AR AG: 36 42
THE I A, AR K SO 91 R AR A

(3) 5 ARMA #AUAH L, ARCH A1 GARCH A
BRI, WA 27 9V A T
) ARMA - GARCH 1% ARIMA - GARCH %1% 3=
XA i (I B I TE 2 53 A (R B T K SO A7)
(RS TE S d S N A SIS S NG /I B 1K I BN i 7}
(BAEIES ) , #E47 ARCH F1 GARCH #55 it £
ST, AR AR A i 0 5 2 IR SRR 1) 221 1

(4) B4 ARCH 1 GARCH #80H% F h, VE N
e, [ LM o B, K SO B 3 R H — o B A
(ARCH.GARCH,EGARCH ,TARCH) # Al £ Ju %
BICVEC X VEC) , (H XS B Ko s i 3l e 51 ok
U, &, B9 h, JELR1E SRR RS B K SCF 31 A 58 5
SRR, P, T 4E ok & e T GARCH J& 19 18 22
IR 41— J5 58 GARCH #i% (Log - GARCH .,
IGARCH .MARCH AARCH ,Nonlinear GARCH ,GJR .
APARCH.C - GARCH, 8 - GARCH ,MS - GARCH ,
GQARCH,HGARCH, VSGARCH  FIGARCH , N-Com-
ponent GARCH ,FIEGARCH , ANST - GARCH ,MEM |
HYGARCH ,COGARCH  Spline — GARCH, IESTAR -
GARCH 48 — GARCH ) ; —J04E 58 GARCH
B SV 5 #I F1 £ 56 GARCH i %1 ( BEKK, CCC,
DCC) , XS5 AR ELAT SN0 SR B 2 e , 8
T AN BATLEAK S8 o3 A b A 2

(5) WehPERAIAT GARCH JE A5 B FFE AL 5h
SV BRI W 35, H AT, K SCF 8 AL R T
GARCH JEREARIRY I ST, 18 A #E4T SV AL AU 1Y
NHWESE . 5 GARCH JBREEARIAR 1L, SV &AIG| AT
AN AL F) [ A% i (latent variable ) , GE % 5 {5 A1
P b 220 0 0 (R U B Ve . BRI, A BT TR R AL U
) SV BAILE /K ST 51 S b (8 iy AR 5%

(6) ARCH .GARCH F1 SV BRI IR T LA £ 4
B3 s, 7 ACD (auto-regressive conditional dura-
tion) . EACD ( exponential ACD) , GACD ( generalized
Gamma ACD) % = SUEHE A AU X T e 91 g 2 M A e
KA, BT KR TR K O TR 2R
A R SR RS B R, X KR AN AL S %

GEARFRT I R PE 25 AR o (B R AE K 3
U Hh TR 3 p AU AR 14 iy HIAIE S o

(1) H—Jtm 7 ZMHEAEBIA L, HECT 27T
ST VAL AR b, E TR T I £ A A1
VAR (vector auto-regressive ) 15 5 f{ i FABF 5T, WpEk
(co-integration ) P& T 10 4F2K & ALK Y AL £
JCF T ZE MRS G e i R 22 M5 E (VEC) £ 3xX
PRI 7 9P Ra M R B, &8 1 3 47 (] 24 7]
FARERR, R BN Z ML A 6 8 R,
PR, B B AT D fige A2 o 22 ] A A B AR 1 3
BrRFR R AT AR TR F 81 Z 18] ¢ R f hy B2
M THZ—, fH, B ARAEK IR X VEC A
HEAT R BIFE

4 BRNESER

F e LRSI T R AR R I Sk SUF 8 =
J7 25 CRASTIIF ST (0 4 Joe FNAEAE 1 32 2R 2 ) B, A 3¢
PR DR F B N BRI IR A

(D) RITEMERE Ik, R EEARRWE T
BRI yulE . WNETRT I, 5 7 25 = AR T R
ZEMMI T 1Y, [F) 7 22 4 BEAIL 1R 25 50 8 45, N Bl s ]
BRI AR Ak, dn s FH B 2 P [l IS AR Y R 2 e Bl
BLRZE 08 2 W] 5 220, BT, B8 30 3 B S5 s
Tz 2R B S 07 2 P A 36 VA R A 36 o (FH G
E Fak 22 E ) L Goldfeld — Quandt #5367 . White £
557k (Park K3 BGTEFN Gleiser K567 . i xX 657k
HFAE S S Wr AT EE A, BV R — 2 A7 3
EAFRIRZETH], HS 0 2R S0 45 RAH 22 BOR
PRI, s AR AR e AR Aa R (W) 7 254 e T 22
PEFIE3& o] 12 455 ALREPE, N FH 5845 R % 75 (Monte
Carlo method ) , 38 ixf $0 {H K i ARAFBIHIAEAS . 7E L
S b, SO TR ek, SR 57 = R 5
G50 W A RN GRS, R S AR
FEPEAG S0 P B AG 56 5 1 o

(2) 3 300K A 25 43 A 09 5 J7 25 L
GARCH BERU AL S 100 /v . xflss (&5
AN PR AR E R ) ST 2R Bl — e IE AR
A1, BISFPR 5347 %5 BE pR AL, 31X 5 SE PR ZK SO 4 il DA
WA R —3, J b, 77 2R S H0H
FH SR A 702 28 AR KA SR 325, R 70 285 43 A7
RUR UL, SIS SEOSCR AR R — D E il 78
AR, WBL T 28 28Ukt ik . B, AR
P GARCH A5 7 (1) S5 7 A 5 LS, i FH 2% 4
T8 A6 B2 Bl £k = . BHHH ( Berndt — hall — Hall —
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Hausman ) 1 GMM ( Gaussian mixture modeling ) 33K
foF N 455 180 (19 2880, v AIC ( Akaike” s information
criterion) | BIC ( Bayesian information criterion ) | quasi
AIC ( QAIC ), quasi second-order AIC ( QAICc ) .
Schwarz( SIC) | Shibata , Hannan — Quinn ( HQ ) | Modi-
fied AIC ( MAIC) . Modified SIC ( MSIC ) Fl Modified
Hannan — Quinn (MHQ ) 32 W, I JE& 4L 5l 750 fi 285 73
TR Ra ik 3h s GARCH BB 1 & [y L S 5 A
THFIFIEI 75 05T

(3) HAs g BEAIL YL 3 SV BRI AR, SV AR Y
J& TRENLIE S 268, n] >R ] R \MATLAB #1 Python
AL S Eviews S8l A EAT TR . (HI2, X
S T HIEA b 3E T 4R R A, X T 2t
SRS, 5 B AR R R . 53 4h,
VLA SV RBAL Y — S 37 B S BUAG H7 EE IA S
AR ERBA A Rz R, I TR
I KA SR 2 ( quasi-maximum likelihood , QML) | J™
S (generalized method of moments, GMM) | 45 %4
ST (efficient method of moment, EMM ) F14R 7 %0 1=
(standardised method of moment,SMM) , -5 AH W 43
A AR AL 3 20 2, IR R AR R BE ML Bl SV
AU SE B S EU TR I AR

(4) Z2 TRV Fai 0 I Sl A5 AL A ABE 5 o Oy ik
R Z BN Z RN R W, 2 705 5 22 8] i 5
HHIRLALL 5 TR B2 . H 2, Rl A i R S 4R AU
WK, Z It 5 R SR TR A2 2 Mt ORI
T PRI A 5 AR N i R S B T T vk
IR T AR T, BRSPS F
AN LR E  (HE X e P o i B — 5 )5 ™
AR R B R, HAT, R2Z BRI 7
GO ZH 283t b BT A 4 Ry PR 7 81 )5 5 ml ke i
FERIEAE, 1978 4F, Engle Fl1 Granger $2H T 35 44 1Y
PRS00 1 AR AR R 51 AR Y S R R A
HABW 2, JUA [R] [ 5 471 ] m] R B & A7 7R
— PR E R M AT B A T REIA 3
R AR A Y H Y. AR, SR S AT & 4k
SR A AR . PR, 7R bR BT i
L5500 75 v () BE Al b, W] N H 228 GARCH 455
ISR (VEC) B, BFIAT 4 /K SCF 81
PERY 22 T8 K SO 91 B 8 A5 5 15000 7 ik

5 & ®

Fh A A R e i B N TG 3l 1) S 35 R
TRIOK SC 5 B H B 0 S 2R R, IR T Box -

Jekins 5 ARMA SRV ST AU RTHE S AR SCHLEE T
AR AR LIRS T 7K SCHE AR 57 7 22 7 51 Rl AL
BT UERE S T H AT LA B A M
O Y & T D M N S ey

(1) FRE— 2B K SCR R TN FEAE 07 2%
M X R R 7 221K SCF 81 AN RE T A Box — Jekins i
#37 ARMA BRSSPI, Box — Jekins 2
ANRETFZIE T T7 25 M I 30 17 50 () A, 75 BEAIF 5T
HA ARV RS 20 e 50 .

(2) Axfil g 2Pk 22 FUE 5 A B 55 s A T
VFZ 5375 2B B Dy 9 1 52 41, 0 T AR AL 3R B
K SCAR R S35 22 7 5 WE AL A 4R A4 T BHaS Sk
filt, ZE SR b T R AR AL IR BE K SCIR AR S 0 22
JF 5N ML= AT AT .

(3) 43 K SO R 3 38k 4 ) 25 Ak B e
IR SRR IR A B R I s S b P T
220 1000 S W K St R A ELSEE . MRS BLA BT
SRR, 54 A 2K SRR R 9K SR AR L, 43
A1 2K SRR R FULR TR B VA 1 3 2
P a7 HH AR AR, I ME MUK SO 41 1Y
S5 2eE . I, W il B 2R S S A B AE
U O T R , T R S5 25 )7 S AE oY AR 4k
B T IK SO S BEAL A ) — S AT AT iR AR
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