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X, R R

(PERAURZE BTFERES Ashb#Be, K 300300)

1 B EA-NEARERD ARG, WWHEZAREZASHERNY N, EFEEMHKX
ABEME ERE, YRACHEREA TSR AR TS HERTUFEL, HET —HET
KA BHZIZ F 4 (LSTM) B9 30T 25 B s AR FUMAR A o 2AR 2 Rk & K A W R 12 B 2 A i 0 Lol 4l 3

F T REB A B TR R,

T 4,

FE LTI AG B AR O ik ey 1 0 R 4, 4R — AR

Ttk TR A (IPSO) H ik iyl S8t fb 7 i, SAnE k7 AR 16 (PSO) B A AHIL, b (L E %
BERABEGEREMES, WETHRERENGIASAT @, SEHATHAAYT, FIARTE
ARBEREENEESH, RE-FARFIXES, RELTFHNSIHER, IR TEAELRIEES
FWGETNE RN ITIEZE N 4394, FHENERLEZN 0.774%, HEFHH 0968, 5 H A
M 7 EPeAT A b, SRR TR EAE G EHRL,

x # i\
hESES: V3513
XHAFRERE: A

Bifi % HP 28 U 1 & R RN N T B i b, 4t 4
X RE R A T oK H 5 1800, % PRI B PR A B T A 2
HUOR . I A S SR BRI X PR R T B, 4 T
HL K, /D RE R R 2, R HLE 32 2R H
T & B & AR CHLEHG B 3l 71 3 48 (auxiliary power
unit, APU), WM AL 17 4 I 2 4k 2l g 2
HER o PRI T TV A 1% T 245 30 R AR 0 A5 Y o)
Bz Ek 08 HE A I 3t %5 28 6 B A MR Y.

SR, Hb T 25 A RE AR R A AR Lk | AR AR AN
Z AR, DL CE X RSN BN N
B, A5 R A T RE AR LA — TR PR K
PERIAE S5 o UTAER, 12 18R A I 5 H AR 1 P
S J R A R 3h T AR A TR 1 B S 4, O
H il TR I B 5 L ok BE A8 Rk, B
DAL 1z o e RERE T b . A8 W R
ol FH /N U8 Ao 2 T 6% ke A R 5 U R Y 00 A5 Y
FEAE TR AR S X B AR S 44T oAk R

CHLEA; W AT RTFAEAN; KEHLZWE NS

WEHS: 1001-5965(2024)11-3595-08

IR A BV Al R L A 0 12 RE 97 19 Elman #f 22
Do £ 3 N7 TRAIL 5 M Y BEARE TR ASE AL, B s AR b 3
BRI RE J1; Guneet % IF & —Flt Elman-§ 35
2 M 4% (recurrent neural network, RNN) & Y | i H
FE AT N 25 i A B0 19X 31K 51y 1 2 SR B 55 0 FH T S0 v
RETHFE. DA L WFoE U T 8047 iy B 45 51, (B 22,
LT REVRIH AR I R =Z ] A 0GR, JF BRI R
VR R K (] f81” J2: RNN — ELA77E {9 ) 8, R g
AR M 2 2 K B AR g 0C R T Ry AR e X — )
Hochreiter™ 42 i 17— F 3 F [T 0 1) RNN Z5 44,
B 45 BF 242 (long short term memory, LSTM) ¥ 4%
454, HH T LSTM M 45 Ref- A7 B [ R, BT DL 4
]z Hb N A T RGO B TR R B T 2
SR LSTM 9 45 468 2 H i 8 A58 7 £ 75
RS i HL A T 5 U, R b e R — R AR AR T
KA TS LSTM Mk i — 2 — R s #Ui™. Ma
AU i 1Y TF 4% 7% B 1% (sine cosine algorithm, SCA)
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DA LSTM R4, X 2k T2 m ML RLE =5 1Y L oz 3l
WA AR BE EATAG T, D BLAS SRR, I T AR A 1
R B HA B R4 T, (HIE A 5X 512 RS B2 AN
SPER 5 Z BN TR S 2, AFTERR e MEAMEER)
fea) 05 ] B 45 11 R FH O A A6 75 AR Ak LSTM 1)
2, 5 A5 R W] 1A R AL T S I RE AR
T I R0 A8, AR TSI A5 A 42 T 25 [ 5 Ren 551
% kL F BE A AL (particle swarm optimization, PSO)
ST LSTM W28 JEAT A AL, X6 4188 1~ F b i IR
SUEATION, 5 2R L, ZABITE 0.5% 1% 220
PR W S 3 L SR A, (H XA 2 0 T 48 R 45 [ 7R
B PR A R I O, TR A A A R ), A5
TN L TT ik — L SR

4G BRI, ARSCER M T — b TR TR
b K A i 12 X 45 (TPSO-AM-LSTM) i & AL 1l i
23 VA BE AR TUI A AL, T TRAL b T 25 4 RE AR B0
TZREFE T AR A (2 F8 73 2H A8 R0 R 2 B 2 8
AR > o B 3 flS T LSTM M 28 Flid i )
ML (attention mechanism, AM), F F il #& RE#E 5L I
L RGINOR RN S 3 € (o< 5 S P
IPSO H vk T 4R S ML A0 8 2 B TC 5, 4 v A2 281 110 98
MPKSEE . B IPSO-AM-LSTM #5254 ] 7%} Boeing737-
800 "KL i == P BEFE TN, - 5 B 1) £ 4 it 22 1
4% (Back propagation nerusl work, BP), LSTM, AM-
LSTM, SCA-AM-LSTM, PSO-AM-LSTM % £ Ff i
RUPEAT WAL, S5 R 3R W, IR s T iR 22 | 14
Xof B 1R 25 M R A R B WA

1 tHXIEP

1.1 LSTM #Z& M4

RNN J& —Fft T 4b BB 8] 5 271 %) p 22 R 2%, 55
1% 45 35 B A 42 M 2% (convolutional neural network,
CNN) A L, HR FAE 24 25 0 > 45 AT 5t bl 28 ) 2%
MEREZE . 17EF B S BET, B A SH T
W E B SR s oo, W HAE N T —A- 4ot
T o SR, Y% A BHE] P 51 3ok B, RNN 525
WO BT B Y, LSTM #i & W 45 7F
RNN (14 B fify [ 38 505 A7 i 50 00 AT 2R o0 O i ke
“BREETER IR, LN ERES A an il 1 s TR
B ()~ (7) Fis.

i, = o(Wx,+ W'h,_, + b)) (1)
fi=0(Wix,+ Wih_i+b)) (2)
0, = o(Wx,+ W'h,_, +b,) (3)
g, = tanh(Wx, + W'h,_, +b,) (4)

¢ = fic +ig ( 5)

Bl 1 LSTM L4 N ikasty
Fig. 1 Internal structure of LSTM

h, = o, tanh(c,) (6)
yi=Wyh, +b,)) (7)
b Wi Wi WERIWE i ARCEHRRE; W Wi
WIFIW! Sy 388 A A B 5 Wi oAy B sl i 1 AN T
W5 b, & (neli,f.o,c,y}); x, 4 4 HI I 20 565 A
v, N RIS ZE 5 o, IR b, REEIHICAZ; o ()
- sigmoid T B EK, tanh() 4 tanh J pRIL

LSTM RACE At & AT IR (EE RN LA B, HoaE
WK FHARERS B2 T [% (standard gradient descent, SGD)
2 B 1) HERT A R B . (H 2 SGD Y 1k e AR it
THRZSHL, W2 2] SR PR o R 5 2
TERBSE B AUE, DA =5 LSTM 52U (4 F0loRG B2
1.2 PSO &%

PSO % 2 1 Eberhart 1 Kennedy #2 H i —
S SRR, HARRL T AR A i SR s st
SR MR B R, R R R A ]
B4 RO, XA T AR R AT LS B e o . ik
W NRFRF BB 8RR YRR,
W PSO B BALBRINT &

a3 WG X O AR VA B 93

FB2 THRORL T RIS N, R S B A A
WAL B IC R Py K5 VR ARG 5 FRE v LAl A5 1L
HEAT O3, 16 0 S5 O ) I AR A A Sy 4 Ry e e
PE Gygo

i IR VA R AN S R S I v s L Ky
MK (14) F1X (15) AT BT

T4 WARARRBPEEEAREE, KRB
TR 2 I, i Gegeo

RN (8)~=L (15) Fim.

Vi={Vi,Via,-- . Via) (8)
X = X1, X 0 5 Xig) (9)
Pbest,i = {Pbest,il’Pbest,iL' o ’Pbest,id} ( 10 )
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F(xlaxb""xN):{fl’fZ""’fN} (11>

P = {Pbcst,i(t) f;;(x(l‘f‘ 1)) 2> f;z(Pbcst,i(t)) ( 12 )
ST x(r+ 1) fo(x(t 4+ 1)) < fo Poesei(D))

Gbest(t) = min {f;;(Pbest,l(t))a f;;(Pbest,Z(t))a e sf:g(Pbest,N(t))}

(13)

Vit+1) =wV;(t) + ¢y [Pbest,ij(t) _xij(t)] +
Cahy [gbest,j(t)—xij(t)] (14)
xij(t+1) = x;,(1) + Vi1 + 1) (15)

Ao w o BEMEALE ; i R T RERRLFECH , =1,
2,0, Ny j AR ERB YL, j=1,2, -, d; V() Wik
e T ORI B 5 x, (1) kAR e R R FIY
N5 ¢, Fl ¢y HoF 2 T Py B i DRLTBYAS
PR AR A AL B 1 55 (B s G, M 42 SR BRI AL 1Y
J YA 7 R r, SR [0, 1] OB HLER o

2 IPSO-AM-LSTM & &I

ML TE A PR RERE R B AZ B 3 T DK
B 5E 1) AP AR IR, A0 455 PR AR B | BRBE I A
O B B 4 ) CHLE A N FR I ) 4R IR B, LA )
IR WAV S5 QM T 55 JH TAER CALAE N
SLORF R RS, SR HARRE . Bisi
AR o AR B S 0 TR b T 5 A R S e A
K, BA R om iy i AR A, PR IR s P R R 5 | AR
U553 1 IPSO-AM-LSTM #i%1
2.1 FRMERSY

T 5 43 3 B LSTM i 8 W) 28 i 2 S AL
il ¥4 1, I3 N Dropout )22 LAk fo A5 51 1| 25 i) P )]
R AT B LA RS . A Y T 43
A1 35 i A JZ . LSTM JZ . Dropout JZ . Dense = .
AM JZ % ) . TR s 25 A an sl 2 B o
bz

AM 2

|LSTM|——>|LSTM|—>|LSTM|—>-~- |LSTM| LSTM 2

S b 4.

K2 B 45

Fig. 2 Structure diagram of prediction section

AR

HEER I

1) B R ¥ HuTE 25 98 TAERT IS 09 & A 58
P URTEEE . PIURTR R . B AR . HARIR ) BN
BRI A, HR R
x, = {P@), Q(), H(1), M(1)} (16)
2 PGy Shy i T 23 VA T AR & R IRLE s O(r) S
T 25 8 A JS 9 8 U B2 5 H(e) kg LT 25 8 A i
1) RO B 5 M(e) Ry M 25 98 T AR 5 1 R AR .

2) LSTM 2. | J LSTM # 25 % 4% 4ifi 2 i A
J¥ 5 x, TR TR S, B S B R RRIE TS

3) Dropout J22 . PAFE & 1) & F# X LSTM #f
2K T Ay, ST IS, BI04 R 28 TR AR 1]
B IEAE 1, $ A AU ) B Ak

4) Dense 2. XJ Dropout )2 1% tH #E17HE £ 4
AR, T B[R] 5 5 T 25 SR 2 Rl R

5)AM 2. 7PAR TR G RRE, 3R AL 2R
PG EEAE B, [FB ] — L I A (5 2 .

6) il 2. (A G )ARNT b — )2 A 45 R
TR, 15 B AU T B2 A0 11 4R
22 BEEMALBY

AR EBSHET AR ECETE ., %
JE B BT LR AR TR S A R R 2%, B — b IPSO
SEVE XS R SR TR AL, DA S B R Y S5 0 A
JE . AH 1% % PSO 53k, IPSO B kL 7 5 BT
ML A A R SR AT T etk . E20E DL ek O
S T BEIMFRRE Y 2R, $5 ) — R L T RRECHE B 1
28 TR, R R SR R BEAT 38 X @ T Bk
3 PSO B3k A MBI B FIDRG B, b — Ffos (0 16T
A PR, A e 2 AUAT I A B p 8 R,
P R REE T, J5 NV B U, S 18 T
BORL T B, 45 S0 AR ) AR E 5 B A ki e b
TREBE A R A, 51 A —Fh Bk 5 38 55 0 1 5
W, T B A5 KL -2 T 0 IR A LA S SRR 16 T o
221 A TERKIEH 69 LRk

1) 38 L5

B AE Py 1) i AL B4, 2 AR A2 v i 4
Jal e K Ges 15 2 AR B 5 HA0RL X5 1 19 A 4K
HAEAE 2 L AT R o R 28 A an =t (17)~

= (19) frRP,
RO
K= R ()
R(t)
Riax (1) (18)

R(t) = \/(-xil(t) - gbest,l(t))2 t+--t (-xij(t) - gbest,j(l‘))2
(19)
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Ko RO R Y HRL T 5 4 R B fE A R
Roo(0) 0 5R ¢ UCIEAR H HE B8 4 Ja) i R 19 oS B
B C o R, WUEYE F 2 [0,1], A SCE C=0.8;
x(0) R EB B i SR 1Y A g, T AR
t YGRSy B R 1Y 4R (E .

2) & KM

Sy T e BRI 22 R P A R SIGH B  SE AT
38 SR BT s A2 38 XA R T o AR SCR H I
B AE S, Y ETR A IEE 0 < K < 0.5 BB FAE N
REEREAR 2 — 553 & 28 SUA A B kL 2R AT e ik
A, LA AR RS AR R T, 38 SUSR s an # 3
FR o

1 1
[ofolofolo] [Tlili|il1]

Lelolofr

T
lll

K3 s

Fig. 3 Crossover strategy

222 AERERHERE

i =G (14) A= (15) AT %0, PSO B3k o A8 fb ok
TR B S SR, R B AR S A A
5%, PR 1B ST ) B X B P RE SR B G
B SCHR (18] K T IE N EE Y IR A 5] A
2 (15) ok 4a R A7 & AR ks SCHR [19] 51 A%
AUEL, XA CE # AT S AT Rk I R
17— WSO, B A N7 8 B3k ARk 85 )
— T, AR ME R R A B R AR RUR,, T
A 3 I B AEAR B R SR RS . PR, AR SO
TR B S AR LR R S B AR AR o Bl
Ja By FRIR XM (20) s o ARSCH w B BUE G
4 [0.4,0.9]°,

w= (W int (Wmax — Wmin)(f(xﬁ) B Wworst)
. (f(xgb651) - Wworst)

1=/ tmax)3))
(20)

s W, AR f /MBS W, A A f K
(L5 A o) T W 23501 R 2401 28 0 R v 4 ) B
)7 385 7 3 R 4 Jm doe 2 A R 38 I A £(x0)
R ¢ AR AR S AR B R e 1, 53 )
N 2 i AR RO e R AR R
223 Sk B RR A 69 Rk

e F-OL B, b 320 T 1) 4 )R f A I
o YR N A R B LA B R, S (14) 1Y
Ja 2 WidEE 0, 3K (15) Aok + A7 & 5L JC kA R0E
T, PR B ARG, S T ke g B IS, 5
A — BBk i Jy BB B AL B SR o BRI AT AL E
Ty (y=0), HUH #HR 7 535 R, sl 2

A (22) s . X (22) ok B 4 s A
P 50 B C R, HIMHZR T R A%
TEfR 25 [ AT HI IR AL

v=k (21)

|0 R® =y
g(r)—{l R <y (22)

Ao kO EEL B EORIR T A5, A SCRAE k=15 R(1)
MY ETR T S5 2R R TR . g()=0 £Ri%
LA BT g(n)=1 R 7s 2081 T B AL i 25 A
HEATRI AR AR o FH TR SR R B R A, A SRk
FEP R B BEREAERRRL T 10T 1, ko T BB AR
RIS G2y

23 TIPSO EAE#RE

e FREECE A N, AR GRS d, AR
ECH T, PSO B3k W ] 52 % B 3 2 b i
50 B TR, HLE ] 5 24 Ol O(N*dxT). 1PSO
BL 5 PSO LM 2 5 E R R T 28 LM Al
Bkt 5 756 5 0 SR W, B8 SR R ) S e A R s
(RIS 2470 30 O(N><d= T) Hil O(N*dxT), 55 PSO
SR A ] 5 2% B R SO ]

PSO 55 119 25 18] & 4% B 32 22l o A3 R 1 14 4
fith, Hizs [a] 52 24 g O(N*d), TPSO %1 32 2 14 i
TMRTR T A R R T I [R(n)] FLANH
B BPSCH Y CFy) A7 A, H S 18] 52 2% BE S O(N)
o), 5 PSO BvE 75 M) 52 2% KRB [A] .

24 HERE

1 TIUI 5 3 R0 2 B A A3 A, B i
IPSO-AM-LSTM £ | 455 U 44 15 3 F 40 R : D E
SR AE RG], A2 48 2 T BN BE LA BUR) B D
BE, KA S B R TC B, 0 F T A A v
Q7 R b YR A5E R 000356 43, 45 21 T 45 28 5
COMR A T &5 FL i ) IPSO 340 v Xif i S 500 70 HEA T
Ak s @ FT T 7506 2k 2 1, AT A, DU i
MBS E . 2, WO 28 2500 & 4
IRy, IR WA @), IPSO-AM-LSTM H K () 4%
FnE 4 fios .

2.5 BEMIIGRTRE

IPSO-AM-LSTM R & 7 I 455 Y 1) 1| Z5 dai 72 40
K5 B, BRI 2R anr .

1) K BEAKU 12 18 723 A L9 ik A7 40 4, 4551
YRR LE

2) A — A g A7 BUAb B, 03— A=K
= (23) prstl,

X = Xmin

X, = (23)

Xmax ~ Xmin

T X 5 20 A REAR RS P 252 B 1 e KA
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—> IPSO H% |
2 v ¥ 7
Dense Jz1Y | | Dropout JZ ||LSTM JZiY || #LRSE . 4%
HITAEL || rEER || SROTANME ||[RE T, TR
I | |
[
TR S5 TR TS 53
X HAJ
¥
-| LSTM 2 | | LSTM 2 | LSTM 2
v ¥
—)-| Dropout )?—| |Dropout E| L Dropout JZ
¥
I Dence JZ | | Dence |2 | Dence |2
| ami | | ami | AM J2
¥
i i
1 A 1
N
2Rk

i tha R

& 4 IPSO-AM-LSTM Z5f4rn i
Fig.4 Structure of IPSO-AM-LSTM

5e/IME; X, N — A5 P8 s x S REAR B

3) B FH TS 4 Hh B HE RN L 222 R LSTM
JZHITEL . Dropout J22 % 5% | Dense 2 HLCEUAN
PR N 75 B AL W S50, TR A5 A 1

%‘i’?ﬁlﬂo
4) & B IPSO Bk (R BE R/ VL AR IR B
T Foki T4 d.

5) WLR AR 07 B A B, 7R I 2R L% T
TS A3 HEAT U 25, 2 FH TN A8 5 B S 0 24 )7 1R 2%
SR 3E IV FEE RRR, IR AR Y38 I BE (A

6) MR KL 1) 3 I B SR AR A e fE Ao AN 4
Ja de AT

7) T H AR T 5 4 S f kL T A IR ER B
B OR(t), ARG (18) A BRL 2 75 0 A2 58 LR
AL, DR 38 SR s R AT 38 3 A I, R
PR F T 28 X

8) M X (22), HIWr R(o) J& B /N F 7 B H T
R A /T, W Z0R T 76 i 28 (8] SR 00 16 4k &5
W, AR (14) AN (15) B3 0080k R R 8

9) Wi kL 38 07 B A5 /N (A B AR
B A A 0 H . W R SR, R IPSO
s AmW, gkekigAt

10) #f IPSO 53545 i Y 42 Jm) e L 07 40 BL 45
RS (Y T 43, I AE N RAE 1 BEAT YIS .

_>| IPSO H L . |

v
RS
L2
:
v | wwammmn |
BHAIT =
HEFT BB
| o0k 7t |
RIS TR
1 | e
LR ¥
%ﬁ%%ﬁ =T
TEYIZRAGE b X] i
WS VR
T Pl PR Y| ey
RIS g TR Wl
XA
i T 45 2R S A
S E LT
XZERIT A <
SPSIVOIERS | | i setaesm

EAE S

R NTiE
g 502 Sk 2
(At

i YRR T 23 54
R i
L ]

5 IPSO-AM-LSTM Il
Fig. 5 Training flow chart of IPSO-AM-LSTM

11) AR R4 005 L, i i B0 45 2
12) X F50 25 5 5 01— Ak, 55 I 4 v BE FE KL
PEHEAT XL, IF45 5 PPN SR AR XA 7 0 #r

3 KBS

31 HiEXRIE

W R A B 1Y A EEAE SN, (0 7 Ml T =5 9
R RHLEAE VA B A DG B A R B B . i RAIL
#1555 Boeing737-800, fifi F il ¥2 it Ay 150 kW 119 b
A1 25 8 X 25 00 U B R R R AT R YT . B
300 2, 5 2H A S AL 45 e % T LIS (19 2% A TR EE RN
W RE | 3fe % BALN Y 2 A VLR R B A% AR v it
MR . B TG ERIRE ., THURZER
M RE L B HLES B A IR | B AL A AR S A T
B AR, #E B AR D BB A o 0 REAE K
PN 1 R .
3.2 FMNiETR

B UK B 5 Y B i — A R T L S AN
SR G AR AT VP AL . AR SCIE BRI iR 2
Mg, AR 2 LR M, K E RELR, ANV
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Table 1 Part of sample data ) ---SCA
R T A I REGHN REGIN o 008 e
R/ C R % BRI C FmEE/% '
31.81 56.25 26.49 37.01 181.53
30.35 62.70 24.07 37.10 165.64
31.84 49.52 25.85 25.05 179.51
35.18 67.51 26.64 3531 185.49
33.81 72.73 25.93 36.86 169.88

W A8 bR, LLITAS 5520 5 b 181 2 35 i A6 T oG 1),
e =L 24~ (26) B

1 m
Mgy = ;;(yi_f(xi))z (24)
100% yi—f(x)
Mppg = 25
APE . ; 7(x) (25)
> Gi— )
Ry=1--__ (26)

Z Gi—y)
i=1

K y o EIAE MMy ESE; f(x) R T
ME; m RS
33 BEEMiiiz

2 H Y IPSO-AM-LSTM #4574 v (i 88 2 B0 6L 75
HER /N, 23] F | LSTM JZ H 8 . Dense JZ #o0
%4 . Dropout JZ 5 FHER AEA AL, il B g ke
JE 2RSSR R R A PR 25 o A SCIR I S R
KILHE U 2 iR .

#2 BEREREE

Table 2 Search range of hyperparameters

HWSE S|
HERAN 1~90
Bk 0.000 1~0.01
LSTMJZEAITEL 10~90
Dense)z 504K 10~90
Dropout/2 % FHER 0.1~0.9
AR KL 400

PEHL SCA-AM-LSTM, PSO-AM-LSTM #iI IPSO-
AM-LSTM 1 J % FL A Y ) 78 Il 254 I 2545 A 8
RS FE B E B 100, FEEECE R 10,
SCA. PSO Fl IPSO H kAR B AT L AN &l 6 FR .

M 6 ] LU H: SCA 5k e PSO Bk B &
I 1 R A8 J1 5 IPSOE i T L6 1 28 T
SCA B PSO Fik, 3 FRAIE A5 L INER 3 R,
34 FEZRS5SH

R Al B v 4 5 L, X AR TR 0 43 2E AT

20 40 60 80 100
LARUEL
Ko ufbsikikfdrs
Fig. 6 Iterative process of optimization algorithms

®3 IMEENILER

Table 3 Three algorithms search results

LSTMJ/Z Dense)Z Dropout/Z

Pk MN e woom Eaek

FAF BRWH

SCA 3 74 22 0.1 0.005 5 400
PSO 1 74 45 0.28 0.009 0 400
IPSO 1 23 37 0.1 0.003 5 400

B TEMNKAE B R, BT B R S RA RS
[ BP X 2% Al LSTM I 2% (1) 75 FL45 e A7 X% 1L, A
[Fi) 452 40T 5000 1 0 S A 6T EE it 2 an i 7 s

J itk — 2 5E IPSO-AM-LSTM H B () PERE, 78
MR A 2 98 M. M, F1 R, PEAR HEH5, AT
BBIDEA 45 SN2 4 o .

190 . |
X ol ey
180 AL toltn TIHARt itk h
| N/ LA ) | o 3 [l
170 ’( l "y \" \'1 “’" If AT
160 !
150 ' ' E

140

FEFL /KW

0 10 20 30 40 50 60 70 80 90
I i) 2
(a) MR AE TR A L5 B R L

FEHL /KW

140 S —e—
55 56 57 58 59 60 61 62 63 64 65
s ] 2
(b) FRATIRAE LS S5 EAEN H
—— FHIH —e— BP WU —— LSTM Fiil{i
—v— AM-LSTM Fiill{i —+ PSO-AM-LSTM Fiili{&
— SCA-AM-LSTM Fitilllfi —— IPSO-AM-LSTM Fiiill &

&7 ARBENE S 5 B SE X T
Fig. 7 Comparison of predicted and real values under

different models
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Table 4 Evaluation results for different models

s} My, M,o/% R,
BP 61.042 7.075 0.553
LSTM 14.691 1.669 0.893
AM-LSTM 10.195 1.140 0.925
PSO-AM-LSTM 8.952 1.087 0.935
SCA-AM-LSTM 7.519 0.840 0.945
[PSO-AM-LSTM 4.394 0.774 0.968
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Energy consumption prediction of aircraft ground air conditioning
based on IPSO-AM-LSTM
LIU Han, LIN Jiaquan®
(College of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China)

Abstract: As a complex thermal system, the energy consumption of aircraft ground air conditioning is affected
by many factors, including various weather data and time characteristics. In order to improve the prediction accuracy
of ground air conditioning energy consumption when the aircraft cabin is cooled by ground air conditioning, a ground
air conditioning energy consumption prediction model based on a long-short-term memory (LSTM) network is
proposed. The prediction component of the model, which is utilized to extract and make use of the time series
information in the data, is built by integrating the long-short-term memory network with the attention mechanism. The
prediction accuracy is used as the fitness function of the algorithm. The hyperparameter optimization based on the
improved particle swarm optimization (IPSO) algorithm is proposed. Compared with the standard particle swarm
optimization (PSO) algorithm, the improved particle swarm optimization algorithm combines the number of iterations
with the fitness to construct a dynamic adjustment function of the inertia weight. The distance from the particle to the
global most optimal position is introduced and a particle intersection strategy is proposed to improve the diversity of
particle swarms. The mean square error of the prediction result is 4.394. The mean absolute percentage error is
0.774%, and the coefficient of determination is 0.968. The results indicate that the prediction approach has a greater
accuracy when compared to other prediction methods.

Keywords: aircraft cabin; ground air condition; energy consumption prediction; particle swarm optimization;
LSTM neural network
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