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Data-driven simulation of non-Gaussian stochastic processes
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(1.College of Civil Engineering, Hunan University, Changsha 410082, China;
2.Key Lab on Damage Diagnosis for Engineering Structures of Hunan Province, Changsha 410082, China)

Abstract: A novel data-driven method for simulating non-Gaussian stochastic processes is proposed in this paper. The sample conversion
model and power spectrum conversion model are established by using artificial neural network models respectively. A neural network model is
constructed based on sample data to transform Gaussian samples into non-Gaussian samples. The distribution function of the samples is
modeled using the shifted generalized lognormal distribution, and the latent Gaussian power spectrum is directly obtained through the
backpropagation neural network model. The Gaussian stochastic process samples are generated using the spectral representation method, and
then transformed into non-Gaussian process samples using the sample conversion neural network model. This method is capable of generating
non-Gaussian stochastic process samples based on limited sample data, addressing the challenge of determining latent Gaussian power
spectrum, and solving the problems such as poor accuracy and limited application range of the central moments-based transformation models.
Through numerical simulations and validation in turbulent wind fields, the accuracy and effectiveness of the proposed method are further

demonstrated.

Keywords: stochastic process; non-Gaussian; neural network; spectral representation method; translation process; power spectrum

KEEDIEH, nHZEsh . ks . RS
GRS RO E AR S IR R PR, 3R
Bl BIL ok i 4 A DL O B 9 M Bl VR R AR 4G
PR Ve AT R . AR B B AL A AR A P
HRVRRAE 7R T 575 %5 AR & 43 A bR KOR Ty 20 1) R E
fEFE . W By IE & b LS R ik A
TeicC AR £ M- #) Karhunen-Loéve F& 11 A1k 14
UE U P A

fE bR TAR s, HAndE & (s B 5 I A T 5
W FEAEAS, H AR = 40 A of B sl b AR AR 1 2
A o 375 A0 ol 88 2 v 57 21 AR o 307 R A 1) A 46
KRR o WME . XF 45 8 FEAS, B B9 BE 47 i

s B #3: 2023-09-15; f&1T H #8: 2023-11-29

ELTH: BRHRBEIEL BT H (52278178, 51978253)

JE XT3 A R B AT A, AR5 R A TG iCC AR e F
Rk AT R, ER AR B TR A R Z
i, Hrp d E A O de R AR Ak T L A% % AL T A
Pearson £ 481 45 . SR, 3 26 5 ¥ 8 7 2K
FEACEC I, I ELAERS M S M5 7 AR —
B R BR o 3 — R AL R T A A AR G
B, SR JE A 2 01 7 5 Johnson R 4t & % M Al
HEATERL . SR, HhO BT AR 3R B R AT BT A 58
7, ME LA T B AR A 1 23 AT R, TR IR b ik T
B2 7= A LR SR I 2= o

R T DR 2 a0 AR e R AR R A R
5 B ARG A VT AL, 575 2275 O N 1Y) 1 0 R A BT


https://doi.org/10.16385/j.cnki.issn.1004-4523.202309048
https://doi.org/10.16385/j.cnki.issn.1004-4523.202309048
https://doi.org/10.16385/j.cnki.issn.1004-4523.202309048

1996 & 3 T

[

5538 %

ELA R S AE S, X B v A e T ) R
SR, B WS TE I D 38 0F A By . | 0, T
I A Al v T ) 23 20V A v 0T ) 3R Y i S G
- s 5 DR B QN [ =1 Y R S S B S B
T 118 2 o 38 H A B T 4 48 - R BK E BRI AE G pR Y
Wt O R, T REA AR & M Te e 12 AR Ze
% 750, R e 30 AR e R A 2 [R) ) e 4, 3
TEAC B TE RN 53 B 45 20 BR AR A5 30 RL Y T A 5 0 1)
ik, WG, AN BT IEC AL F 87
PR R R Z — kR T 2R
AN R [R) R, (FL3E 75 B2 R AT 22 U0k RO 1 o W A
e T H) R, HOAT A AE R AR SR 1B 5, DT 52
WA B o 5y — 8 7 1502 2 W 4 B AU A G
PR TR S = O FERYIE 2, SRS A 4 9 - IO e
P B 2 T AE S I T R . SR, 3R O R U R
ETA R, TR R BB AR . BA, BA —2E
At 5 5 W AE = 0 D) R 5 A9 J7 ¥5, 10 Rosenblatt
4500 Mehler 24 UM A5 AH BT A7 768 A BR
K DL ST A R R A% 28 46 ) R

N A2 W 28 0 B AR 22 N TRl 28 o 20 I &2
D £ 45y, ok B b 28 50 I % 4 ACE M L 3% T
Rifi & T RE . BHE TR R DL L A R s D, N
T 25 0 2% A DL R R, I AR R A 25 L 4k
It o3 A UM 45 o SRR Ak S U O AR
FH o AN T, ST e i B AR R A Y e 4 06 R
IV S VA e 30 ) 3 S A AU A e 20 B AL 2o AR
PO S ) AT, R FH N T o 422 I 4% s S i 9 2 1)
A v Hr B AL Ao R 08 5 ik, S AL AR s 0 B AL o AR R
BET iR, A B AL G B AR A S A BN 2
I 2 T TE van 9T B 3835 PR w45 )

1 FTicfZIR&HEFHTTE

TeieZ AR et A 0V 2 — B 22 Y 3 5 T BE AL
i B A, % vk 4y A R ECRE R BT AR AR
u(t) 545 R AE = B AR x(r), B
¥(1) = Fb(Fo(u(1) (1)
T, Fro()FFo(-) 3 22 7 HE 5 i 43 A1 A 3 43 A
1 SRR A1 PRE
St H A AR 0 ) 255 S (w) X I A T AE
Wi Uy 2RI So(w), 1 9811 LUz 4 90 - R 4K e B, 85 2h
B S () R FH G PREL:
R(r) = f: S(w)e“ dw (2)
K, i R o R )RR o AR
A 5 3 A OC PR BT R (1) 5 151 35T AH OC 2R L R ()
2Z (8] (R 450G ] R Sy B

Ruo@ = [ [ FL P PP ()

D(x1,%2; p6(1))dx;dx, (3)
K, ORFRUEIER 510 1 Bt 531 bR po(0) M5
WAL Rs(T) o
MR 2 (2) 153 2 = B A 5C pREL R (D )i, 5 2
Fie 2 (3) THHAS B 5 B AH OC pR L R (1), I LA 4
1o T D) 2 So(w), R ANTT
S(w) = % | R@yerar (4)

SR, T8 Ro(0) ¥ SR i =X 3) i 4R 3 i I
PRER, X AEAEAR R AE . Ak, T iC Iz AR L e T
J5 ¥k R AR 77 =, S84 1 — > 3 0 i T TE i B
Ty, I AR A E W BE LS B A . gl
NCARLNET-F8 7 AT e S BE AL 2ok R 14 25 B R P,

(1)K H A5 AE & 357 2 28038 Son(w)VE R 0 46 1 W 7R
%Eﬁﬂj%i%@Soo(w)o

(2) AR (2)~(4) TR DR 3 S (w)

(3) K SO ()5 Sn(w) Z ] H iR 22 60,

(4) ) W 158 22 02 A5l I K TR oKk . AR 2E O
I B E B, WAE IE S (w) TR [0 25 B8 (2) 4k 22 24X
A0, AL L, B 1 S () FE k18 7 v 0 T %
ijE%SG(w)o

(5) R FH G R R AR fOE 7E & W B AL B AR AR
u(t) = Z V2Ss(w)Awlacos(w ) +bisin(wr)]  (5)
k=0

o, a BN by R ST 1 TE 2 4 A BEAILAR B N, R K
HRE 3wy = kAw; Aw 3123 25 HC 1] B

(6) A TCicAZ AR LM R 1 =X (1), = S B AL
b PR A 4 Ry A e ST BE AL R AR

2 BEERHBHRDFESHBIIED
ik

201 BHATHRBATHEMZRE

il AL 38 R A A v 0T 2 3 R R 3 O g T ) i S
AT, X AE Wk 3 WG | IR 7 S ST L
Ry TSk R R T S AR AR AR A0 A v B0 B B 3 AR Y )
RO, SR PN T2 o 2% vty 2t vy 30 380 Sl v 0T R AS 110
Bk, DU & B AR B

(1) B A i 307 A B8 R A7 A Ak, IR0 1 43 £6r
B s LR B ok v I e . B R 0 =
1 S5 BB, PE R/ N B HOE] B, 49140 107, fRIIEAE 5
B TT e ST SRS A 1) RS b5 SR, B S BORE SR (BT
B o A 4 52 45, BT A MATLAB H 8 quantile
PRVBCSE I3k — H 1Y Fe ST, A 5 v R4S i A 8
I SR ARE S, I 3 gk 5 MR 3 A 8 K I v ST A0l e



5o 2 P, 5 SR IR 3 p9 AR = T R AL I AR AL 1997
H RS S~
(2) V115725 397 R A5 0 A 06 30 R A 110 A 25 4 A || —lomenzd y
T IS o R — AT BRI A 9 2 I 2 £ 0] --omm /
RN S ey AR S RGOV RE A, 14 O S A 8 5 Pl
BEAR, T AR 45 S 4 25 07 kA SR B o W 2 G = -
B8 TT HABCRE p, AR SCHEWL p (T LK 35, "
(316 T 2 7 0 U519 2 R 25 357 B WL i R R N ——
9% I A 1L 5 0 A B T 2 D 2 A BEAHE
riv, AR 2 R LI 0T LR A A o) St e
e 2 0 4 00 A 0 A > ‘
A P BT 56 R, e T 76 Ik 25 05 4 75 5 KR T
[V L W R A 3 0 2R I LA 2 307 B Lt o o
TR0 e L B T 50 0 A 8 0 LA DL £ = |
o (DRFEIREIE . 70 G B b, A T 28 10 2 i
T Bl 5 R0 A ) T8 SRR AR B 1355 7 3 g N -
10 A TG B 152 B I 8 05 B A 110 o T S
B PR RE A 1 MU/ B 75 17 4 53 .
{1 R AR R, [, 2 T L b A A I 1 % (v) 4P i

o AN, N TR 0 25 A5 A B 5 K 1Y) 38 I RE
FE 8 4k R HAG & Bh AN [R] R 1 04 E e 0 Baie , O A
HHORG B A8 i M G e A A 3 B Rl iz o AR A
By A A B 450 A R A A SBORE I 1% 1 S8 5 A BsF, i B
T X 2% A A e S AR I v 0 B B 5RO D e
1o Joiseum AR w e L REARREME L AEXT R 20
O3 AR, IR BRI SR Z R R AR IR O, AR R Y g
AR o A BN TR 28 000 45 1 s 4 SR T 1k R 3
P, BE S BT XTI 26 57 R M ST R I ) R AR 2 o A
R, D4R S8 7 FLAE SR ) A A 4 1 T

A TA4% G2 1) Z2 P00 20 400 455 700 46y 1, i oK
Bl A E A e 400 455 7R 18 0 T 4 TR b A B AR AR MR
K, DA 5 B SHRE B (%) S oK B2 . b, B G i 2 00
2 J 455 80 X6 A Ak A A Ab o AR 2 A OR [ Y R Gk
3\, Johnson F 4t W & 4 M /Y, ATy ik
X TS [ 28 RV 1) R IR e 0 A AE 25 7, T B AR
e 307 3 FH Y TR A7 BB AL R B BR A, 1] G 22 3 =X
P B LGS F T as>1.43a2+3 (H ay Fil ay 50 518
it B R 2 ) o AH LG 2T, B0HE 3K Bl A R AR A 4 A R
FL 2% A ni A 0 M R AR RE T, TR e I O B
AY— ik Ve, A fAE S A . DA— sk Ak & S
R, GniEl 1(a) Bros, AT LA R B FEREAC i 78 2 (3K
a5 10%) I, 22 30 A e RS R AT) 9Kt B ) I A 2%
1M A 3 J7 %5 Johnson & 4t () 45 3 5 H S E JL-F &
A, W R R BE s 1B 1(b) JROR T — > B B
7B B 5 R 10°) , X T4 Beg i, 22 10 o A
AUFN Johnson F Gt AS-F-3d 1, 11 A SC 5k RV 7E £ s
ARG T, TR RS

(b) Piecewise case

Bl1 REARFBEEN

Fig. 1 Comparison of sample transformation models
22 INREHBHANTHERMEZEE

A e J0 B AL Ao R A DL Y 55 — S Bt ) R W
e o B D R o O, AR S AR D R
R R RSN T2 M SRR e,
SR SR8 T SONS B3I 285 A o T T R A A s R AR
Bl 03 A R R O BOE S o0 U 2 —3
SRR, A DT ER T . S8 5 TR
OI AT 2 R . HE SRR A ek R AT R g U,

1. (x=b\|
-b 1‘5111( v )'
s —1)g -] (
r

v r

1 1
Fng(x) = §+§sgn( 6)

i, g0 = [ e/ To), 3o T (0
b F v 43 5l g n B R REE S8 6 e HIE ARS8
ST AR LR PR o B T S 5 07 B A R B
BB Pt AL HH 2 (OB R PR

1
Frg(x) =b+ vexpé{sgn (x— 5)

o Gl )3 o

e oK, G e 0 3k 3 e 5 07 20 i
Sl B FEHAE 507 5156 4 S ) 05 L1, W01 2
B2 T 2 o, AR 2 N i B AT X8 R
BT 01 Sc). 0 0 2 A8 2 5 0720 Soo),
N I D 0 5 9 3 5 30 A K 5 R () 4B



1998 & 3 T

[

5538 %

FC)Z 1, T 755 97 AH G bR BT R (1) B2 2. (AR 1 3
f J2:, Sna(w) B So(w) HY T e 3 2 5 12 1o 4% 5 1o 2 1)
PR T 25l DRI, AT Bl N T b 8 ) 246 A5 A
B Sno () B Se(w) i e e o BE 4, H Rya(0) F
R (7) A L S AT 38 2 N T 4 28 I 8% v %) 83 o R 5
B, f A8 il — A MR Y 3 )2 R ) AL K R 4%,
Bl 3 s o

LTINS FERz2

B2 DR 2 R A
Fig.2 A neural network model of power spectrums

transformation

=

B3 DR b2 M A B R L BB

Fig. 3 Simplified schematic diagram of neural network model

of power spectrums transformation

T ER S, T AT 2 R 4% HA 5K
SR, I H R & ond 2 e S R R LA
[ R, PR AR S IS T 4 B A 48 JT B L N, N 7
2~5 Z AT R,

it DAL A IR, AT a7 AR i I R ) o
SR [ 5 BB ) 20 3 I G N T el 2 IR 5%
Y, ] AR AT H AR ) 245 X I 0 T A 0 R
So(w)o FARL BRI

(1) FRH s A HCHs A Hh 25040 -

W B AR AR & 0 D) 24 Sen(w)HE AT AR HE AL, IR0
HAE N W0 b = 1 T 5 Seo(w), R4 X (2)~(4) ¥
Sco(w) % ey 07 1 A = 1 D1 2R 43 Swo(w) o B0 A B
N Sno(w), i 1 EUHE 4 So(w)

(2) I 5 Ty 2 % Bt 4t 1) 2 1) A 405 T 445

FIH MATLAB 34 v i N TR 28 0 26 T HL A i
P FEl it B2 b, B KU e vk 15 R 100,
Y2k BFRIR 25 E R 107, 2% 3 R E H 0.1,

(3) K H b5 E & 2 345 Sen(w) i1 A BN 45 1

P 22 W 25 v ARASVERFE R T T R So(w) o A Se(w)
HEE, BB TSR ISR R R, AT A 0w AR
NI TE B (01078 ) & IE T fH .

23 ERIFEHENITEREE

BT BRI, A AR T BE AL R AR A 2D 3R
.

(1) FET AR R AR, A i B AE s S Y
FEATL A5 N U0 25 W 28 A5 A

(2) BTV # ) SO HOE 25 43 A 84 E w5 4y
A7 PR, ) ) AR e A N T 2 I 2 AR, R AT
1 = i 2 48 S 6 (w)

(3) FIJH 3% 7m0 A i e B BE AL B R AR ()

(4) 38 3o 20 B (1) F4 F A FE A o S A5 2, O oy
BE ML B A A () e 45 DR I v BT B AL i B AR AR x(r) o

P4 i 7n o BEPLE B L R i iR AR I,
W, N, R I ) B R, By SR BROBUZ M 20T, DR
ST _EdR " F R BB

3 HfI5xLH

31 HEES

R B R AR SC T B A, e i — > 22 i
BAIC AT o Mo AERX AP, wE B ks SR
A

S(w) = 1%swzeXp(—S lw]) (8)

JIF AR U A A0 £ 100 45 i R0 S i BUde 48, B 4%
IESEAAL B T 2048 NEE 2. PRIL, SLEE A 100
2048, X YR 20— E 09 e RE R BE AT, DR
ok 0.1683, W i Ky 2.7348.,

T2, FH 3 06r 50788 He K A o Ak 1) BOHE B 4y
e T, H A A LR S s . IR NT 3
J& T RE Ak S B, PRI A R A AR o 1 N T 28 I 4% A
AU B M 2B B N 5. RE, FIHERE T X
XoF H5E 2 A A A AR 0T O A R R, 18] 6 SR T
4 43 A oRECS A R R AR Bl 2 ] X L o i —
A Ml I R 1) 4 D0 2 AR AV A i W ) R, RS
T RO S R T AR B 377 4% e B ik R A
Ao B, Bk SRR A B 4 R R v T e AR AR A

MAIEL 7 AT DAWEEE B, A8 A B, IR R A
X F A REAEAR LA T RMmE, R RM
By AR TP . 8 XL T AR R TR A i T Rk 5 H
P I R4 o R 8 ] DLy B M A ), B AR Ty R
5B RGZ MY A BRI, X0 T A SOy
PEARAT VTR 0T D) R A R



%o 2 B, 45 BUR IR S Y A R 7 B AL o AR AR 4 1999
e
08 o HIEHEFMER
AE mT AL PR A K
| . 0.6
§ ; i
RIS AEE TR 0.4
U Hl X
0—4 -2 0 2 4
— Uy H, X, ol
B6 FEMATE RS B RAERN (A 1)
;L Ay T Fig. 6 Comparison of reconstructed distribution function and
WA btz iz data accumulation probability (Example 1)
FEA B
7 00, BEARE A W J32 12 22 (R 0.92%, 45 5 ik — D AIE Sk
4&%@&1&9@%& P—— %}ﬁ;ﬁ*ﬁ;@%ﬂr T ARSCTT 1 RE SRS Bl A7 P2 AR W SRR AR A B
6 STy
AT T e — iR
4 e R R
\ \
S'vo(@)) S's(wy)
i h,
S'yg(@,) ‘ S'g(w,)
hq
NV S'o(@n)
AR et 2 Lo 0 50 100 150 200
T AR ] /s
- v 7 R SR AR AR R TR A e (B 1)
SETRYIES TBTE R T . . .
Fig.7 Comparison of non-Gaussian samples and latent
Gaussian samples (Example 1)
s TREA
> 0.8
— 4D
HE R REAR - E;ég
0.6 }
6% s
£ os
Bl 4 LR R R AL R A h
Fig. 4 Flowchart for simulating non-Gaussian stochastic 0.2
processes 0
0 05 10 15 20 25 30
5000 4% i
0 ARER / (rad - s7)
4000 — IS THIRR H (A 1)
” 3000 Fig.8 Comparison of power spectrums (Example 1)
g o
2000 3.2 JES H Bk 3h RUE
1000 N N N . y N
T BRSSOy kA A B SR AR R T 193
0_4 -2 0 2 4 FHAE, X 52 2 00301 2% 0 A5 T 345 1) — 21 7K 7 7 1) XL

Hufe
B 5 B oA L (B4 1)
Fig. 5 Data distribution (Example 1)

K9 R T REAS RARMESR, M2 1 I i T kA
FUHT 4 B . nl DU ), AR A 1 2R
RS BR RS L E A, R IR DR AR 1 O
A H 12 3 S B B B P o XTI R E A BE AL

VRO A6 7 T ML 3 AL O B0 i 2 1,92,
R 1000, FLAT 3 G0 00 TR R AR . AL

W, 2R i Kaimal 35U 75 0 H bR 2h %45
12 1
Sew)= 5 20 E _ (9
T Va1 +50wz/2n0.)]3
A, z A S M T A R R u.= 1.7372 m/s Ry BY

VIR s v M z A BE 3 KGE . 53X B D= 31.88 m/s,




2000 & oz T R ¥ M 538 %
1.0 BT 0 P T e T REAS B 0T LG 5 SR T s i, AR
- HURRRER

0.8 o BEA EPUWLR d,d’ /EJ?#ZIK*HX‘T?%E?#Z'KEHEETE%EQJ:%/T}E*g,ﬁ
06 R 5 E10 11 R AR B AR e IR AE— 2. 18113
z N 3 2 LT AR 8 30T R A 0 2 R85 B S
04 o G SR, REAR 19 D) S 5 BRI SE A £, P
0.2 & BT AR SCO7 YR AR TR A v 397 D1 R 33 77 T A ME ARG 1 o

0 s 2o [ —— TR

IR N e BHERTREA ;

B9 RBBERXT L (HH 1)

Fig.9 Comparison of cumulative probability (Example 1)

R OREARHET 4 B O REXT H (B 1)
Tab.1 Comparison of the first four orders central moments of

samples (Example 1)

axit YiE bR P Vg
A s -0.0005 1.0002 0.1692 2.7428
ATk -0.0004 1.0004 0.1786 2.7579

K R T=250 s, 10 [] [ B Ar=0.12 s, #8011 331 ¢
w= 8mrad/s, 7 B HLA] FE Aw= 81/1024 rad/s .

AU B R B An 1] 10 T, 1 A RT DO SR #) —
LA i 1Y) (R B A7 A, 5 98 B Dk Sl XU 8 15 0 A
WG B T BRI o A A A, AR ol LA
S B B0 52 30 B S 0 0 e A v R

| |
B =
=) S

HIR@UN% /(m - s™)

200

B 10 XUBE B AR S
Fig. 10 Wind speed time-history data

x10*
2.5

[ E[F=aipiein
2.0 TR

1.5

1.0

0.5

0
-30 20 -10 0 10 20 30

KGH / (m 57"
B HRam ol (86 2)
Fig. 11 Data distributions (Example 2)
HFAS SCHT 2 07 2B 1801 A v 307 ik sl KU AR AR
P12 J 7R 1 — 45 B AT AR 9 Al o i A A 15 4 B

Jksh X / (m - s7)

0 50 100 150 200 250
Hf1a] /s

B 12 JEw SR A AR W SR A X HE (B4 2)
Fig. 12 Comparison of non-Gaussian samples and latent

Gaussian samples (Example 2)

15

— BiME
= - - - HARfH
710
g
s
s
R
0
0 5 10 15 20
P/ (rad * s7)
Bl 13 ThEREST (A 2)

Fig. 13 Comparison of power spectrums (Example 2)

Bl 14 Hp IR T A ST A5 58 22351 33 s 750 0
Gt — 22 151 3 S FR 210 20 o %) e A AR 5 1 o
B, e R 2 e g T &R ik iR 2. v L
F O, AR ST G 107 I 4 M B0 R AR R AR
SR LA J v ARG B P, o0 X T A R B o 1 S /D R
FUAAEREE L., A HAEENE, A0k
25 A R R AR R B T e 25 1k 0.0088, AH X R
Z2 T X I 4 A Y 1 i 22 020 T 2 50%~60%, iE— b
8 W T AR SOy T AR A R P T AR

10 e
10 1 \
{%r 102
I 3
B1oep 155 Lo TR A
. 45— Z TGS R
U S T

-30 —-20 -10 0 10
R/ (m - s7)

B 14 fEEBERXS (A 2)
Fig. 14 Comparison of exceedance probability (Example 2)



593 %

Y, 55 B 9K 3 0 -l i B Lo AR A 4D

2001

#2 BBEERREN

Tab.2 Comparison of exceedance probability errors

Tk AR
A T5 0.0088
148 22 IR LAY 0.0227
G —Z WA T 0.0155

4 &

AR SCHR T — ol B 3K B 0 v S BE L i A A
FUTT 5, MR T R AR TR 0 5 AR R TR A s IO 2 R
T I TS SC R R R, R 6% B TR AR BN S B v
Bt ALk AR AL o SR P AR {091 A TR S ], o AR S
TiE AT TR, IR DU 45

(1) B AR T 4 A R0 ) (I 34 o 0 40 K 3l 2t ) e
A B A R L AR R ORI T B E, RE
8 Y 0 Ml K o SRR A Bt g AR R T RE AR, X T 2
TR et HAy B 2 3

(2) TR AE e i D) R 3% B9 A 28 o 0 e )
e 7k 19 45 R A5 010 98 A 5 7 D R ] T A o,
e G T BBIRE I A oK figp ot AR

(3) 3 2 Xf FEREAS B e TR . 3R BRARE 5 A0 A
A, AR B AR SO7 R A I BEAS A 2 5 B Y
AR AL, FCAR o R 5 B PR 5 — 2, RIS RE A
A AR S5 B AR D RIE W) & R X BIE 1AL
7 25 B A R AE I, JF R T AR B L AR
I FHA: 55 D7 T ARG T 22 200 A A8 200 ) (I e

£ %5 k-

(11 Wde, XIESC, #AR, 5. W XHUE S R ok

P AR R R 0T (9], PR Bh S ehdy, 2018, 37(21) -
247-252.
XIN Yabing, LIU Zhiwen, SHAO Xudong,
stationary and non-Gaussian features of mountain terrain
measured wind[J]. Journal of Vibration and Shock, 2018,
37(21): 247-252.

[2] GARCIA-ROMEU-MARTINEZ M A , ROUILLARD V. On
the statistical distribution of road vehicle vibrations[J]. Packag-
ing Technology and Science, 2011, 24(8): 451-467.

[3] SHIELDS M D, DEODATIS G, BOCCHINI P. A simple
and efficient methodology to approximate a general non-Gaus-
sian stationary stochastic process by a translation process[J].
Probabilistic Engineering Mechanics, 2011, 26(4): 511-519.

[4] PHOON K K, HUANG S P, QUEK S T. Simulation of
second-order processes using Karhunen-Loeve expansion[J].
Computers & Structures, 2002, 80(12): 1049-1060.

[5] SENGUPTA D, KAY S. Efficient estimation of parameters
for non-Gaussian autoregressive processes[J]. IEEE Transac-

et al. Non-

tions on Acoustics, Speech, and Signal Processing, 1989,
37(6): 785-794.

[6] LAHCENE B. On Pearson families of distributions and its
applications[J]. African Journal of Mathematics and Computer
Science Research, 2013, 6(5): 108-117.

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

E—EH: &

BEEE: &

WINTERSTEIN S R. Nonlinear vibration models for extremes
and fatigue[J]. Journal of Engineering Mechanics, 1988,
114(10): 1772-1790.

ki, Re#k, FLEEZR. 55T Johnson 554 iy IE Al 2 g
W5 (0], AIAPURS A b TH AR, 2007(8): 104-107.
HE Zhen, WU lJing, KONG Xiangfen. A study of non-
normal process capability using Johnson transformation
system[J]. Modular Machine Tool & Automatic Manufactur-
ing Technique, 2007(8): 104-107.

GRIGORIU M. Simulation of stationary non-Gaussian transla-
tion processes[J]. Journal of Engineering Mechanics, 1998,
124(2): 121-126.

XIAO Q. Evaluating correlation coefficient for Nataf transfor-
mation[J]. Probabilistic Engineering Mechanics, 2014, 37: 1-6.
LIZL, LIURY, FANWL, etal Simulation of stationary
Gaussian/non-Gaussian stochastic processes based on stochas-
tic harmonic functions[J]. Probabilistic Engineering Mechan-
ics, 2021, 66: 103141.

B, SLAR, BOIEE. AN TPEMZR R KN [1]. 1
TR TR, 2011, 19(24): 62-65.

MAO lJian, ZHAO Hongdong, YAO lJinjging. Application
and prospect of artificial neural network[J]. Electronic Design
Engineering, 2011, 19(24): 62-65.

XIFEZE, XIHGHE. BERLUIK DRI 135 B [0, PR3
TAREH, 2018, 31(1): 49-56.

LIU Zhangjun,
spectral representation of stochastic fluctuation wind field
simulation[J]. Journal of Vibration Engineering, 2018, 31
(1): 49-56.

SHINOZUKA M, JAN C M. Digital simulation of random
processes and its applications[J]. Journal of Sound and Vibra-
tion, 1972, 25(1): 111-128.

RIPLEY B D. Neural networks and related methods for classi-
fication[J]. Journal of the Royal Statistical Society: Series B
(Methodological), 1994, 56(3): 409-437.

XU 17,
method for efficient structural reliability analysis[J]. Mechani-
cal Systems and Signal Processing, 2019, 115: 281-300.
TGN, 3T MATLAB # 25 9 2% T B4R 1) BP 6 2% 52 9
[0]. HAHLGTE, 2004, 21(5): 109-111.

LUO Chenghan. Realization of BP network based on neual
network tool kit in MATLAB[J]. Computer Simulation,
2004, 21(5): 109-111.

ZHAO Z Z, XIN H P, REN Y Q, et al. Application and
comparison of BP neural network algorithm in MATLAB[C]/
Proceedings of International Conference on Measuring Techno-
logy and Mechatronics Automation. IEEE, 2010, 1: 590-593.
KAIMAL J C, WYNGAARD J C, IZUMI Y, et al. Spec-
tral characteristics of surface-layer turbulence[J]. Quarterly
Journal of the Royal 1972,
98(417): 563-589.

WINTERSTEIN S R, KASHEF T. Moment-based load and
response models with wind engineering applications[J]. Jour-
nal of Solar Energy Engineering, 2000, 122(3): 122-128.
ZHANG XY, ZHAO Y G, LU Z H. Unified Hermite poly-
nomial model and its application in estimating non-Gaussian
2019,

LIU Zenghui. Dimension reduction based

DANG C. A new bivariate dimension reduction

Meteorological Society,

processes[J]. Journal of Engineering Mechanics,
145(3): 04019001.

#(1993—), B, W LWsE k.
E-mail: lyang@hnu.edu.cn
Z(1986—), 5, i+, #iZ.

E-mail: xujun86@hnu.edu.cn


https://doi.org/10.1002/pts.950
https://doi.org/10.1002/pts.950
https://doi.org/10.1016/j.probengmech.2011.04.003
https://doi.org/10.1109/ASSP.1989.28052
https://doi.org/10.1109/ASSP.1989.28052
https://doi.org/10.1109/ASSP.1989.28052
https://doi.org/10.1109/ASSP.1989.28052
https://doi.org/10.1109/ASSP.1989.28052
https://doi.org/10.1109/ASSP.1989.28052
https://doi.org/10.1109/ASSP.1989.28052
https://doi.org/10.5897/AJMCSR2013.0465
https://doi.org/10.5897/AJMCSR2013.0465
https://doi.org/10.1061/(ASCE)0733-9399(1988)114:10(1772)
https://doi.org/10.3969/j.issn.1001-2265.2007.08.028
https://doi.org/10.3969/j.issn.1001-2265.2007.08.028
https://doi.org/10.3969/j.issn.1001-2265.2007.08.028
https://doi.org/10.3969/j.issn.1001-2265.2007.08.028
https://doi.org/10.1061/(ASCE)0733-9399(1998)124:2(121)
https://doi.org/10.1016/j.probengmech.2014.03.010
https://doi.org/10.1016/j.probengmech.2021.103141
https://doi.org/10.1016/j.probengmech.2021.103141
https://doi.org/10.1016/j.probengmech.2021.103141
https://doi.org/10.3969/j.issn.1674-6236.2011.24.022
https://doi.org/10.3969/j.issn.1674-6236.2011.24.022
https://doi.org/10.3969/j.issn.1674-6236.2011.24.022
https://doi.org/10.3969/j.issn.1674-6236.2011.24.022
https://doi.org/10.1016/0022-460X(72)90600-1
https://doi.org/10.1016/0022-460X(72)90600-1
https://doi.org/10.1016/0022-460X(72)90600-1
https://doi.org/10.1111/j.2517-6161.1994.tb01990.x
https://doi.org/10.1111/j.2517-6161.1994.tb01990.x
https://doi.org/10.1111/j.2517-6161.1994.tb01990.x
https://doi.org/10.1111/j.2517-6161.1994.tb01990.x
https://doi.org/10.1111/j.2517-6161.1994.tb01990.x
https://doi.org/10.1111/j.2517-6161.1994.tb01990.x
https://doi.org/10.1016/j.ymssp.2018.05.046
https://doi.org/10.1016/j.ymssp.2018.05.046
https://doi.org/10.1115/1.1288028
https://doi.org/10.1115/1.1288028
https://doi.org/10.1061/(ASCE)EM.1943-7889.0001577
mailto:lyang@hnu.edu.cn
mailto:xujun86@hnu.edu.cn

	1 无记忆非线性平移方法
	2 数据驱动模拟非高斯随机过程的方法
	2.1 样本变换的人工神经网络模型
	2.2 功率谱转换的人工神经网络模型
	2.3 生成非高斯随机过程样本

	3 算例与实例
	3.1 数值算例
	3.2 非高斯脉动风速模拟

	4 结　论
	参考文献

