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Domain Adversarial Adaptive Learning Based Attitude Stabilization Method for
Rotary Wing Unmanned Aerial Vehicles

LI Feng-Qi*? JIN Jia-Yu"?> DU Xue-Feng>® ZHANG Xin"? XU Feng-Qiang"?> WANG De-Guang"?

Abstract To address the problem of unstable attitude control of rotary wing unmanned aerial vehicles (UAVs) in
complex sea breeze environments, the attitude stabilization method named SymTAL-POP is proposed. The method
consists of two parts: Offline learning and online prediction. In the offline learning phase, a symmetric temporal do-
main adversarial adaptive learning algorithm named SymTAL is introduced. By combining domain adversarial
learning, symmetric networks and bidirectional temporal networks, SymTAL effectively solves the problem of UAVs
attitude stabilization in the sea breeze environments. Utilizing a deep learning optimization acceleration framework
and an improved Adam optimizer, the learning capability and computational efficiency of SymTAL are enhanced.
In the online prediction phase, a wind field prediction model named POP is designed for real-time sea breeze envir-
onment perception and prediction. POP utilizes variational mode decomposition technology to process wind speed
signals and predicts wind speeds under various wind conditions via a feature selection strategy, improving environ-
mental adaptability of UAVs. Test results show SymTAL outperforms other attitude stabilization algorithms in
terms of learning efficiency and control precision, and POP exhibits excellent prediction accuracy under multiple
wind conditions of continuous, intermittent and turbulent winds. Simulation experiments show that SymTAL-POP
excels in trajectory tracking error, with mean reduction of 23.5% and root mean square error reduction of 55.2%.
Key words Rotary wing unmanned aerial vehicles, complex sea breeze environment, attitude stabilization, domain
adversarial learning, wind field prediction
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Fig.1 Wind field concept map
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s (n. (0(2)

Horb, yey GRS, AR j=c, W cj =1, BNA

0; cj AFMERIEEREL R.() £ R() EE o M.

9% 1 A2 ) BILSTM (sym(Q (=) ).

aj), BT BiLSTM W 2% SRS FRACAFE, BRI -

BiLSTM (sym (Q (x(])>) , aj) _

Concat (Zt, Zt>
TERE% ¢ AE, oy ForHT AR, LSTM BAER
HMTE AT

71‘, =0 (ﬁ}nl”f + Zu + ﬁ}hiﬁt—l + Zm)

(12)

(13)

— — — — — -
fe=o0 (Wifzt +bif+Whrhe1 + bhf)

N — — — — -

g, = tanh <Wigazt + big+Whghe1 + bhg)(lél)

— — - = —
t = (Wiozt +bio+Whohi—1+ bho>

o
- = - =
t=fi1Oci1+ 14O gy
t :3t®tanh (E)t)

Horb, g R HAT A D R & b S BB
125 (I BRORAS s ¢y 2 b TR)D A EAZ 3 eIk
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= Wiis Wag qu Ww il th th th W;w
/\Dﬂmiﬁu)\%ﬂﬁg‘ﬂﬁiﬁtkﬁﬁﬂﬁﬁﬁi i i bzg
bw 1 bhl bhf bhg bho T )l L O E-
HINIT; ft RMENT; g, Ak flﬁfc 0y R
HIl; ¢ Eéﬁﬂﬁflﬂ?ﬁ’hﬂflimﬁm 53 ht A&
i 18] 25 FR BEBOIR 255 tanh A 00 R IE VI BE BR 3L o
#on Sigmoid R © R/ARTTREAMR. f51R LSTM
BT

«— — — — —

1y =0 (Wiixt + by +Whihi—1 + bhi)

— — — — —

fi=o0 (Wifl“t +bif+Whrhea + bhf)

- — — — —

g, = tanh (Wiga:t + big + Whght—l + bhg>(15)

— — — —
t = (Wioxt + bio + Who ht—l + bho)

& IR0 A R BECIR A, i
B R RRBCIR 2

EE WA

m—{ﬂﬁ4 (16)

ST R 45 A T O A Adam AR4L28, 3
A SRR
my = Bimy_1+ (1 — B1) g

vp = Povy—1 + (1 — Ba) g7
my

1—pt (17)
Ut
1—p8

041 = 0, — ———1n

Viite

/ﬂ\:qj, my A Ut JJ a3 R R I — B *D:lel\fﬁﬁ‘, B1
A By RN, 43 HIEE N 0.9 F10.999; gt Al gL
& By F B Bt IRTT; g R 4RI BRIIBREE; 1y AN
oy ARMBIE G — B R I Al T 222K S
BEF I K, e &— MR/ S, H T8 R
BN, BRI SAL 0, @S EHI 0,1 = 6, — (u/
Vi + €) x iy BEATIEARMRA. BB IE o, G
AR AT S (0 FE T e KA

vy = max (vi—1, g7) (18)

SRR A 7 2] A KR L, AT SR T B A e
DURT) BRI S L, S S B T R
AIE VA — AR, DL SR Rk 1 & iR k. HANMESE
UOEREEH MR n < 1, DR EFERIEUE.

my =

Uy =

3.2 SEETRUIZTUARE

BT H IR IAEE R, B2 I 2558 AU A DLA 25
B AT RE M3 5, DR 51N SIEE7E 28 )37 T
TR Z AT GBS B A TOUI XU, S S X
Tﬁﬂ?iﬁuiﬁ%@% SymTAL Hykr, DL B 1
ZH w. WL IXF T, R TC AN BE 5 K N
KIEAEA,, SEH IS RS e il
3.2.1  FELNIZTUNRE

AT 40 b SCHE B B AR 22 X3 TR A 7Y
Bl K-means SyAEAT B8 TRACEE, XU I (8]
JF 5 Vaate R EHE B 2y, T EIRR K MR, B
AFERIH O N ¢, BN AR AU R By B R A

I (19) RFE BN Z B HFEES.

ZC“ C] \JZ T k — Cy, k (19)
k=1

b, n R ROEEE 5 2y ARIESERE . 2 )5 £t
Mz S BCE B E R IR L ¢ TR %
Cluster (z;) = arg mmd(xz, ) (20)

M JaAEH] VMD X a; 3EAT 08, A5 5 70 il i
ZAAIERES R GREEHEAT B S HARY R, X
NG T o(t) AT R BIER BB Y R, AT B

BT f(t):
T A
.’E(t—2>, tE_O, 2)
£ty = L), te g 32T> (21)

T (3T
t+ — t —, 2T
o(t+3) vel5oor)

H, 7 RESHKE. X VMD #4781k, vIiiG
WP 250 5 FIBESR frar plus:

{5 =6x 1k

(22)
fhat plus = fftShth(fft(f(t)))
Forbr, fpe() PO AR AL f ftshift(-) AT

TEWRREL 1 A R/INN K e —m&E, @ik VMD
1%&1%%*%*%1143@5@%1 N Lﬁﬁmﬁ‘é% EAE

il
min Z luill, + Z : 2 (23)
i=1 i=1

Hodr w25 0 M o &P SEL. B et T X
Wy @L@@E”TEU%«I%*%*E’J% LT E
(e B 3k, 15 2 B AL X B R R  FEAS

wi(t) = Re (if ft (if feshift (a,()))  (24)
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Horaf f() R PR AE B AR bR AL i f ftshift(:)
S BTVE WAL PR Re(-) FRANSEHS; a4, (t) KoM
PRI EEIEE S, R w(t) BRI, R
o XUEAS 5 AR R 20 (Hurst exponent,
HURST) SRIEFEHE . T34 22 )s 2 A 5 21 1) %
GEvE, DRI aE I B 18] R A R /S 2 i o B
HURST = 0.9. % HURST #5¥U/M T 0.9 i, %
u;(t) FIANE] TCN-GRU A | RIRA X = {21,
T2,y Tsequn } s S€qien TRRIMANIFHIK AL, 18
i TCON $/ 8 A o B2 T 1] 52 471 ) K B A 3 0% R
it H = {hy, ha, -+, hsequ, }> MEARUT:
hy =T (VV;C X Ti—k + bk) (25)
Hrb Wy 2R, HEN 10, HEFUZ KN 2; by,
TWMZ; T /2 Was R . BRI 418 25
B G &R, B A BRI D 32, 1 e IR [l —
AR S, @I (26) i gy
g = GRU (hy) (26)

g " MEGG = {G1, G2, -+, Geeq, }, %I
AMEH =N 2EEE, H 8 EHEA RelLU i
BRI, XL A 40
FCy = ReLU (U; x G + by)
FCy = ReLU (U x FCy + by)
FC3 = ReLU (Us x FCs + bs)

He, Uy U, M Us R AEEREZ PIRERRE, by by
A by 52w 72 ; ReLU FoRME IE 2V 50U R 4L,
Horpf— BRI E om0 008 164 8. 4; FCi\ FCsy
M FCs 3 MR R =EAEEEZEN T, 5 s
3 (28) T, it A I RGE T INEE R finalresur-
(28)

(27)

finalresult = Wout X FOB + bout

For, Wi A M E WA FERLE ; by 2l ZE.

2 HURST #8#0 KT 0.9 i, ¥R A F®mEK
FEAH DA, s R A& A8 2R 7 i A S I = [
I3 (SVR) BB S B us(t) KI5 N X FY 2
PWtE, X = {x1, 22, -+, Tseqy, } 7 BT[] P 51 XUH
B, Y ={y1, v2, -+, Ysequn t 7 TN AT ROEH R,
For seqry, Fomi1ZTHI )R]0 5, BRELHE S
B, B X —HAEERR ¢ Ay E, X TRENEE T
TUU RSB KBRS X MYy R4 il g4 A
WA, T X RIIZE SVR, HrbA% & %% /] RBF:

K, )=o) (29

H K (z, o) RAZREE,; o Ao 226
RPN FREA A |2 — 2| RPN FEAS A2 18]

MRIRER B o B HliZ % S8, WG E v N
0.1. SVR 7] AR N:

N
: 1 2 *
pmin 5wl +C;(§i+§i) (30)

i3
{yi—<w,¢(m)>—bs<+fi, &>0
(w, ¢ () +b—y; <CHE, >0

Horr, g RoRE MRS (HArE), 2
(e V1 ) R AL 0 b w AR R AL [ R
58 SRl V1 T8 1T 1605 () A K B AN AR AL
;W SPS 81 vt 24 11 2 T P R 2, e A R B s B AR
LA s b AR PR ELIOT, FH O B [l 1
MIRLE; ¢ RIREM MG, Ron VIR ZIEH;
& A& RIS i DREARR EART S A &,
FI TSR A S R 22 AR R, H ARt
(w, ¢(z)) RABUE A E w 5 WS 5 RHIE A &
p(xi) FINAR, BIBERIXTER & A T,

WL C My MRAS, HEHY KT
AR BE, AN A5 B e o BORE T 5 T B 1)
IS 1) K e , AP 27 20 21 O SR (UL AL 2 AT TN -

Qnew = <’LU, ¢ (tnew)> + b (32)

M 153 2 B & B RGE 7 5 25 R finalyesare, B
P& 2 ridk.

ek 2. ELRRGTRAEE
BN KIS vgare, VMD 23 fiff 188 35 K
vmdy, , FINTF I seqien -
. TR R TP B final,esu -
1) K-means K3 per formpmeans < Vdate;
2) VMD 73 fife:
functionvmd(signal, «, tau, K, DC, init, tol)
Hrr, signal RRFFIRNIEIEES; o T ERLARSHL
tau AN K S, K RS HE; DC RRER>
BIRE, AN True, W —MEXAE TWER D E (KR
B2R); init RaAIUE T3 tol RS %,
3) for i =1 to vmdy,
W48 R/S S HTidiih 5 HURST, 133 hurstyarue;
4) FIWT hurstpqrue , TR
if hurstyquue > threshold : flag =1

(31)

model = fuction tcngr, ()
else: flag =2
model = fuction svr()
5) &iRAE

finalyesuir = combine,. (date, predictedggte)
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4 SKWELERSH

RNIGAE SymTAL-POP o AML AT H il Bk (e
IR RIS 7 TG 250, BETHLL R SE58: 1) Sym-
TAL B 5256, VRS AT 52 KR P SR FF
RAREMRE ST, 2) POP TELLHR /525, X XGE
D BRE AT B0 UE , PPAY AR ST S0 JRE AR 4k 7 T
HERAPE; 3) BEAR T VLSS, E B SymTAL-
POP 53Rk 1t 55 28 5 vE A B B e 18 7 1 38 K
AT ¥ T V5 e R R % 22 Bt e, VPAL AR ST
TER R H [ 428 il e

4.1  SCIEE

A S0 1R R PR T A AL R B AR A
LA . R S SR UE T TR [20], R TE AHL
£ 0 km/h % 45 km/h 5 [ 35 5] B AR E I XUE 2%
fETFHERe 2, e N BT ANEE v | f
HRE w AR R Ge ki K B R ] PWML iX

T 2R 0 W R T 92 ] 7l 48 v 5% 17 M0 9 1) XU RE 2
PR, EUbEE 2014 51 H 1 HE 2014 2 H
3 HIHE P EEE NI, 2014 4E2 H 4 HE
2014 5 2 A 11 H 08 i 2ot ) A AR . 72
HAIA), AEIATRG 1 b HEAT — B R A AR,

4.2 SymTAL Tt ANUEHIE S EHIIEIE

AT 5 I8 e R T R A R I R AR B A
W DL ST IR i B R IE R s . Ak
i, O B 4 B S R 4 Dol R I R A
HHATRERYN 25 5 36F. SymTAL S3230 i X FR X 4%
J2 5 KRR EE 3 2 Ak D R S R b
PR AL W SO L A5 I 250 72 5 g advid H. 5
TIAFISCIRAS, T 5 A R fe I 2R 558

%S B AEIAE SymTAL Sy dont Fr ookt
W &% 2 aE e Ra e v NI R 1 RS R
i B A T B R 5 Neural-Fly (N-F) Hik#)
XPUR R AT LeE, g5 R 3 B, A8 28 X
TURAEATERE VP TR bR, LG Uil s A5 Y 14 R

SEEG S R OR, SymTAL B E7E I 2] s
WS, 1T 300 #& Rk BRI AR 1.778, HAEJG 4L
Wb FREEFaE T, £ 1000 M2 1.772.
2, Neural-Fly EiEM# LA EE 150
2450 e [P ah, Jul298 1.779 £ 1.797, 5
) 750 #EARSAEALE 1.762 3 1.791 Z 8@ 21 5.
ZE ERTIR, SymTAL HEAER A kAR A N i BE
=) BIA R I SR, FE ELRE A I SR B3,
HAEge 2O E IR B

1.82
— N-F
—— SymTAL
1.80
o
[
5]
&
=17t
1.76

0 150 300 450 600 750 900
Lite/N
K3 Xk (Loss_c)
Fig.3 Adversarial loss (Loss_c)

NBIEFEAE G Adam ARG, Q(2)a(w)
e RIE T HREE f (2, w), PASTTIRE (Me-
an squared error, MSE) N & 5Fr, HLE Sym-
TAL 5 Neural-Fly (N-F) 57£1 Loss_f, 455
K 4 ffros.

4 — N-F
—— SymTAL
- - A

0 50 100 150 200 250 300
Licg/

K4 PR (Loss_f)
Fig.4 Prediction loss (Loss_f)

TEINGWRRIGH B, SymTAL 5 Neural-Fly
PP SE PR B R I AR AL B 3. X T Sym-
TAL H%, HARS Q M KAELERT 200 #1IlZk
Rl T B, R R AFRELE 0.485. 1M Neural-Fly
TERIIRRAETERZ) 170 B 5HFin-a TR0, iR
N RO PR, #E—0 0 Hr e AT SUE LA 5¢
B 1000 5 IZRFr /R s AT IS 8], 85 SR W5k 1 prs.

AR E 4 53 1 B8R 7, FEIIZRHET 150 5
B, SymTAL 575 Loss £ B AR IVE BRI, BE

#1 Loss fIHMMTR

Table 1  Loss_f value analysis table

Jiik ke ik fhesiglel AT (s)

149.2 £1.37
116.6 £ 1.15

N-F 150 0.863 8 & 0.044

Loss f
SymTAL 160

0.481 8 + 0.045
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S 51 &

J& B B R I TR e . TESE IR, Neur-
al-Fly 503 e I H B R i e S50 2. 2R 1T, Neural-
Fly SE 1 i & SUE N 0.863 8, 1 SymTAL
HBEE A 0.481 8, IXEME SymTAL &k
TEYSCSR B IR 1 REFR T K 20 44% . 1% — 45 JE Sk
BER Adam ek 3376 U 2R 31K A 4 v 24 ST R
TS A . BB VIR IR BN, 2% 2 RE
VA%, AR M T B EEE R in) . b Ah, R
Neural-Fly HE7E W SOE & F4i%E, H SymTAL
FEH R FR 2 31 g5k, RIS 1) B R 3
B e, HOS R L Neural-Fly HyE R 21.8%. &
HIAEbR, SR Adam 04K 88 AR TE T
SymTAL B[RS B, A5 Y00 {f 56 4220 3 S
T ELAE I ZRR0R At el 6 35 o X s g B[]
KW, SymTAL HIELERG AR AR B35
JE I H B B3

VP SymTAL S92 4 28 W 245 2 ] 20 S %t
XYL R s, R 3 3w ZAE NV R AR, 4
SLE AN [ () R R X S 2% 5 0k N-F 223 )5
RV SymTAL 7 2] fa ik, il 5 Pros. @il
WA ML LU EEH, EARBRKE TR, K%
R % A R d s, G R W 2% 2 3] R Rk
B R BT RO Z, 7R XGE 45 km/h
12K, SymTAL 53103 i3 2 R E 2.8,
1M N-F 8y 5w 2R 3.2, M2, SymTAL
FIEH N-F 509235777 2 FF K 12.5%.

(S

RRLIEEPS

N-F #:2]Jafik

4 | BZ5] SymTAL 23] J5 42k
— WA ARk

— WA N-F 22 JEHK

| — & SymTAL 23] 54k

7

Ry -
o

0 5 T30
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PUREIE S IR AT L

Comparison of learning loss of

K 5
Fig.5
wind resistance algorithms

POP B AR XUE TN IE
FEHETE |, A3 B 22 Fh 4h FE A ROSE I, 40
W KAUETI5E, S EUXGE 2B S it X

A Ta] B S AN B E PEAFAE. Dy BRI 48 55 2% 1 O,
ARSI Bt — A FE T Ui I HE P %

4.3

PR Y ZREE MR REAT ISR, B AETIRK 200 h
P IR BL, A 6 fra. SR RR I, i
FEAL T 2 0 R 2 R AIL (A T XU 37 55t s Y R4
I B A AR AT IR 2. B KUEAE 70 ~ 120 h
D) P9 R A 5, HAE Rl AN U B i 3, A
RUATSRELERFAT R PRI BE.

25
12
20 =0
< 6}
— B .l
»“ 15} X 3
B b
< /70 80 90 100 110 120
= 10 1 fFa] /h
®
5 L
— SRR
0F — TIKE
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I iE) /h
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Fig.6  Wind speed prediction results

DR R VAL SRR AE XU T 7 T A AR 1, A
B FUET S0 IR B2 R i It AN TR R RIE = Fh oA [7] B R
TR AT 0 43 A7 . A VPG XU SRR BE I, SR
R 45648 5 53 iR FIIR BE 2 ST HOR B 7 i) Gk —
J7iEE IS — R R 2 B IR A R BRI AT E B
VAL AR O Ny A 25 R W3R 2, X
POP HERILEA [R] KGH S5 4 B To0l 1 e B o} 2%
AR

FIME (Mean) 2R Hdm £ o) —fh
W T, AR -P S5 48 2 s T00 45 2R R At il 42
KA HLEE, B E POP LM FIMERT
AR TSR ()P 34, ¥ 71% 2% (MSE) @it ¥ 77
R 22 A DR TN R 22 ) B LM R IR ) MISE B
RS TRONME 5 30 S 2 18] 1)~ 35 22 S/ 5. POP
SRR AE R e B I MISE ~F-33{E. (0.051 9)
KU H B A B TS, BAR T HAL &%, P
BI4axti% % (Mean absolute error, MAE) 1 & il
MME 5 3 SR 2 1) 46 %) 22 1P 348, I B Tt 0 L
S5HESLEMZIERE. POP HiEH MAE “F#HE
(0.175 2) MU T A FHiE P &K H), T HS VMD-
LSTM SEAALL, H 24% 1 EE 4RI, Xt — 5%
WE T H IS5 R e e . B RIRZE (Root mean
square error, RMSE) &% 2= ¥ 77 - FBME 1~ 5
R, BT XU PR 12 22 1 — M WL &, POP A
151 RMSE “FHIME (0.219 4) B E KT H AR
2 B TR 25 5w 22 B /), gk — U S T RS v R 9
MG ST, #a#EZ (Standard deviation, SD) J& i &
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TOUAE A 5 72 52 B O B AR b, A PRI 4 22 150 A ol
45 A €. POP HIETE MAE #1 RMSE ERMKAR
HEZE ik — RSk T H 25 R AR E A m] S, P
#4650 [ 43 iR ZE (Mean absolute percentage error,
MAPE) & Wil & 55 32 SEAE 22 18] 1)~ 50 00 X i 22 .
/L4 VMD-LSTM $53E7E Mean FRImAE, H
POP FIETEFRMEZE E3ETF 41.6%, 3R B FHAE T A
FEM MG OL T, B SRR e . KX iR
72 (Maximum absolute error, MAXE) & BL/E A
BOLT PR 2, POP 548 MAXE “F3#E
(0.610 6) B BN AE R o %5000 T, Tl o5 22t R 15
A Az, SFA X R Z (Absolute relative er-
ror, ARE), BI-PI48%7 1% 2 5 HOUE M L2, i &
TG 22 (5 FL SR R L AZ A2 S ABE 28 PR) A T 0 .
POP 5iAfE ARE LRI EARE VMD-TCN-
LSTM A B, (B E T 26l N, Uk 7 H

* 2

Xof PATE AR A PR e S ) R

2% LRk, POP BVELE RGE TN i) 2 i i
F I REFRBR 1T B T . HANAE Mean L3
DR R, T LA 15 72 38k 2 R R i 3 2 48 o) Oy T A e
YT B ERYERE, XFEM T POP HIALE KGH
U ST A0 A R A i

V) B R i PR T [ A P 3 gk, R XU 2 2R
SR ISR G TSRS, R AR AL i 54 B AR
LR F8 JRE R X [ 78 25 ()R ] _E 35 2 AN R0
A2 ), KOEAZ A BENL HIGRUE. % 3 f@7r POP 5
225 At O bE B A T BRI e R T 45 2R
4 JEoR POP B 5 HoAdoe b SRR AR I it K37 v
o AU TR 45 3. JE I R 3 AR 4, FE MR RS
AT, POP SIEAH b AR B B R TR RS
. AR R, BT R 2 SRR B R F 1)
50, S8 MAPE Al ARE it 208 AZE,

HESE R I SN RE UL

Table 2 Performance comparison of continuous wind field algorithms

PR FE R CNN-LSTM" VMD-AM-LSTM VMD-CNN{ VMD-CNN-LSTM*™ VMD-GRU® VMD-LSTM VMD-TCN-LSTM POP
’ Mean 0.0653 0.0654 0.0596 0.0618 0.0625 0.0545 0.0616 0.0519
MSE SD 0.0490 0.0490 0.0400 0.0420 0.0460 0.0390 0.0390 0.0280
’ Mean 0.1999 0.2000 0.1914 0.1955 0.1954 0.1827 0.1954 0.1752
MAE SD 0.0801 0.0804 0.0694 0.0727 0.0762 0.0673 0.0679 0.0508
Mean 0.2434 0.2435 0.2346 0.2384 0.2388 0.2243 0.2391 0.2194
HASE SD 0.0780 0.0780 0.0670 0.0700 0.0740 0.0650 0.0660 0.0500
Mean 66.9373 66.1924 61.2980 61.0475 63.0942 51.9177 65.2285 56.0368
MAPE SD 23.0140 22.0060 17.5740 17.0630 19.8450 15.6650 19.3100 9.1550
Mean 0.6491 0.6416 0.6421 0.6444 0.6413 0.6418 0.6481 0.6106
MAXE SD 0.1120 0.1100 0.1100 0.1090 0.1090 0.1090 0.1051 0.0960
ARE Mean 0.6163 0.6441 0.6491 0.5558 0.6330 0.6340 0.6116 0.5406
SD 0.1810 0.2020 0.2110 0.0850 0.2020 0.2050 0.1540 0.0780

® 3 (KIS EENERE AL
Table 3  Performance comparison of intermittent wind field algorithms

R EiL AN CNN-LSTM" VMD-AM-LSTM VMD-CNN{ VMD-CNN-LSTM"* VMD-GRU* VMD-LSTM VMD-TCN-LSTM  POP
/ Mean 0.0482 0.0514 0.0521 0.0465 0.0530 0.0497 0.0514 0.0449
MSE SD 0.0220 0.0270 0.0340 0.0180 0.0230 0.0230 0.0180 0.0140
/ Mean 0.1756 0.1723 0.1747 0.1712 0.1748 0.1703 0.1703 0.1574
MAE SD 0.0461 0.0531 0.0569 0.0436 0.0448 0.0448 0.0375 0.0239
Mean 0.2242 0.2185 0.2216 0.2191 0.2256 0.2154 0.2231 0.1944
HASE SD 0.0470 0.0500 0.0540 0.0440 0.0450 0.0450 0.0410 0.0150
Mean 66.3108 73.1167 72.4697 68.6956 64.5798 72.0918 59.1044 58.5418
MAPE SD 25.3310 32.7970 33.5990 26.1330 24.6470 30.2890 14.5280 12.1350
Mean 0.7156 0.6843 0.6926 0.7032 0.7355 0.7039 0.7537 0.6882
MAXE SD 0.1130 0.0970 0.1060 0.1070 0.1080 0.1040 0.1014 0.0630
ARE Mean 0.6843 0.7312 0.7343 0.6870 0.6744 0.7209 0.5910 0.5854
SD 0.2620 0.3280 0.3480 0.2610 0.2550 0.3030 0.1452 0.1210
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Table 4  Performance comparison of turbulent wind field algorithms
PR bR CNN-LSTM" VMD-AM-LSTM VMD-CNNM VMD-CNN-LSTM" VMD-GRU™ VMD-LSTM VMD-TCN-LSTM POP
MSE Mean 0.2799 0.2974 0.2760 0.2741 0.2943 0.2966 0.296 6 0.2494
SD 0.0950 0.0720 0.0740 0.0820 0.0720 0.0770 0.0770 0.0690
MAE Mean 0.3963 0.4064 0.4072 0.3965 0.4083 0.4117 0.4038 0.3482
SD 0.0605 0.0581 0.0611 0.0618 0.0616 0.0622 0.0631 0.0125
RMSE Mean 0.5215 0.5283 0.5334 0.5085 0.5346 0.5337 0.5337 0.4742
SD 0.0890 0.0670 0.0720 0.0780 0.0720 0.0730 0.0680 0.0460
Mean — — — — — — — —
MAPE
SD — — — — — — — —
MAXE Mean 0.8268 0.8610 0.8482 0.8261 0.8760 0.8774 0.8700 0.7614
SD 0.1420 0.1240 0.1310 0.1440 0.1230 0.1300 0.1080 0.0710
Mean — — — — — — — —
ARE
SD — — — — — — — —

PR AR ZE VA TR AR R AR 0L N G, JRR
03K, AR AN R B B AN R 22 i B AR AR R E &
A& A POP Sk M I HE A 1, X 225 1
BB RAIE T AL KIS TR POP SA A 2L
PEARS B P, R POP SLIAAE R I8 2 A2 1 Rzt
5N BAT R 1 e

SymTAL-POP Z75H3%E /574 RIIE

NI 2 AR NIRRT, B4k SymTAL-POP
LA ETNERERRR F . KRB Wi — Ak,
WS B AL VPR AN 42 5] 5954 0 km /b 15 km /b,
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