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Online Trajectory Reconstruction of Launch Vehicle with Thrust Drop Faults
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(1. Beijing Institute of Astronautical Systems Engineering, Beijing 100076, China; 2. China Aerospace Science and
Technology Corporation, Beijing 100048, China)

Abstract: A method for payload capacity estimation and program angle reconstruction is proposed based on
neural networks to deal with the problem that it is difficult to reconstruct the trajectory after thrust drop.
Optimal trajectories with thrust drop faults are generated offline based on engineering practice to train the
neural networks. Features of the program angle are quite different in stage 1 and other stages. Different modes
are taken. Impact of hyperparameters on the training process is also analyzed and a random search method is
taken to optimize the hyperparameters. The proposed method is data-based and can avoid the complicated
dynamics of the launch vehicle, and the trajectory reconstruction can even be used in endo-atmosphere.
Numerical simulation shows that the proposed method can estimate the payload capacity accurately and the
reconstructed program angle has a small error compared with the optimal trajectory. The arithmetic speed of
the proposed method is also faster than those of other methods.

Key words: thurst drop; online trajectory reconstruction; neural networks; analysis of hyperparameters

) J) ZR G BB T BOR HE T T R R R 3k
5 AR 2 A R S R 2 e A B R R ST i
BOKHT B ) RAT BOR A 6000 Bk R Bl 1 R
SRR R AR T BRI S 12 B 2 B L T
i 725 b v LT 5 b v SR /D i 22 15 D0 B Y
]S 7 % T 1k T VL IR i R LR 25 0 R T

I f5 H #:2020-12-07 ;1817 H #1 : 2021-03-21

BB TEHE T T B ERE 5 AT 7R £ U A BE
i fe R R R Wl /)N K R T B 2R KR R R e S
SpaceX 24w (45 8 9 JCHi 75 2012 4F L 2020 4F P KX
I — g — B R SRR SCAIL , 758 i 7 4Ox sl
HEAT EAE , AE A R Ay R B L T AR B R] S8 TR S
5% .

BISEE . Bfed B W i 4 S8, E-mail: WuYSh_CASC@163.com,

Sl KR T R B, 5F . 18 FOKCHTE T N FEORE R 00 AE 4 E A ik [T ] B RS R R AR 2R
2021,53(S) :25-31. ZHANG Rongsheng, WU Yansheng, Qin Xudong, et al. Online trajectory reconstruction of launch
vehicle with thrust drop faults[ J]. Journal of Nanjing University of Aeronautics & Astronautics,2021,53(S) :25-31.



26 MO OM % MK Kk % % i

i 53 4%

STE PG AR ST L 2 e DI A o) [ T At R 2 )
R 2 U I BOME SR A D7 vk AR R
RIS, TO Wk A 2 T AL JTE A S P R . [
N Ah 2 25 B X s BT HE T T BT R T R
S E H A4 5 T A9 F 58 . Sponaugle Al Fernandes™ |
—F SC IR AR G G R 4 AR 1 5 2R
P 7 R R RE TR 1] R AT A AR L R E
JE T AL ) T R AR RN 4R S AR
Tl R A BT R R BUIE | TR R A E A
DI o0 1 75 4G & 2k AU 5 07 12 58 Ul e 2% 1
TR S A X R O AR b AT S v, (H
A P A B T AN A T TR, M S5 R
FESEAT O T A NP s AT A B R
BT R AR . IR AR Ty s g — b AR B B A
PR Bl 59 U0 Ak 5 ¥, A 5E AR LR )Tz N
FHS o 22 0 58 A5 7 0 4 JORRhG g BEA 0 E AT
it F AR A A B 25 5 ™ A A B 28 0 Bai A
FIAH , SR J5 3K Aifk die R TB3] 290 3 B30 02 el i v 1 A 1530 20
ERN N (T B R (40 A P R i S B g
U3 Al T3 4 08 B0RE ) L Jd o O Al AL G 1k
T S oo I LT A DA AL, E— A0 SR AN 5 b0
2y i B UIE O O B BUTE A TR T R R
b 0 T AR B 25 o Li S DUGR IR B2 M AR R
EAEAL B AR, AN A DT IE SR % o A DT vk e
T AR SR A AR A T AR R AR B T s AL
R EAT e LA SR Ak BEOR SRR, TE VR R KR
AR AR O, OF H ok BIHT s 5Kk,
i T R I LT AR o A i X LA S A X B
Ao BTl .

2 ) 2 ELAT AR i ) BCE LG RE ) L T
T B R WU O R LA TR EE TR e
PO RAT AR RAT AR B S RO R A
b B ARGF BN o P2 R 28 B Tz N O A
2 5 MR T — bR L B X is Bk T )
B R BT A SO — R Tl 2R I 26 A TR 2
SRTE A T vk . TEL T ARIEAT 55 H R B AR
W A X 18 e I 358 T A Sy I 5 A X o 8 R 2% 3
Tl g, K A SORE I, i 28 T 465 e 8 TE 2 PRk 135
B S5 T A 1 B DR B0 OF AR G AR S T R AR
i, S olB HUKE KT
1 EATEREETHRBEMRLTE
1.1 BEBHASFHHFEE

TE M T8 % 5 AL bR B2 ST 08 KT B ) AR R
RIS e A B B ) 2 0 R N GE B0 B )
EIR D)

mr=P+ R+ mg+ F/—mw.X(w.Xr)—
2mw. X r
Jor+ o X(J -w)) =M, + M, + M, +
M.+ M|/
K em AP, r HOLE PRI R AR
sy, g HaI T IGE R, F o B8 (R ), w o Bk
F 4% f d BE T A TR i, o HT AR AE B A AR
WA MR E 1A, MO e J1 5 M,
N S S HLIE F1 F1 R My D BEIAR S S35 Mk B
JEF IR 5
1.2 ITHEREREEMRLTTE
12 K CHT Y E O A TR AR BT 2 SR A R AT
P )RR, e TR bl oy RAUZE AT Be A =2
CATBME s AT R Y M. TR R RAT R E
WA b T B B BRI G AL B B 4
B, Horp 2 o B RAT B ) ¢, S 2R B I AR
RN e HEAT I . TEE 2 RATBI A S AT
o, — R M AR e A, TR e vl e B0 R O A
19 A T Ak % 26 7 4 AT B n9 B F A IR o 2
WAHTEF A @, AT X TS
155 B0, 10 B 58 TE A6 W 7 1Y I R] 2, B 5 47 435 o B[]
Lo PRI, 2 5E WD A RAT R Y @, 1T 3R7R A
@ (1) = (A, ois @ s L, L) (2)
XF AR A B AL e S & S RO oA fef
] AR ik AV ) R 0 S BB A T s
S DG Ak D7 vk B DL SOk 16-17 ]
1.3 &FE T 388 0 3R g
ENGEE A R OE SRR P P (SR 2
W 28 22 2] WY REAS 5T OIG Th DY 2 AR B 00 A SR g
R 8 £ AN S A SCHIESE Y T o Ry 1] Ak sl Pk
e, 7RS0T U0 A R P R T — i R TR AR A R
X I S A 2 H A Oy v T R, BRIk B AR K
BRI 2R
(1) fLAbdabr &A= b Js , 45 43 BE A B
T8 A AR I ] 5 o T vk A JUELE D L
Mo F e R R A TR A o
(2) BB & AF AL IR — B " 1 o0, BN 7
AT R PAA 16 &SP TR s A% &
HE T3 T I A X KR 4 A B B R 5 Ay T AR R, —
95 Bt g Rl 43 85, 0F Ho— 0k 2R SR i A% &
B Ay 71 Y B AR 1 0, I V2 3 ek S TR AT R[]
ol 3553 WG 5 I, 9 = R R AR R I T A K K Bl
BIL A Ik ] 22 4 g 50 R, 4 3 550 e 1 s o
(3) AL S ek £ [ 4 11 AT I ] S 47
I 8], 2% 90 R 7 A 3 2% 20T BR8] | 45 o i ) 7
(RN A

(1)



3 ) SRIR T, 4 dn BOK T )R R OB T A 7R £ U A 27

2 ETHENEZWNELZEEEN

7k
2.1 #HEMLE

Pl 25 ) 245 2 22 N 28 0 I 2% J T Al 4 15
B B B AR R LT A 0 T P O 4 R R R
] W ) 2 I N 2% B A Z
e 22 R A L 2 AR A8 T 2 AR Al 28 T 22 R R 4
KRFR B IR EIL AT S8 ) . InE 1T
N~ B P 2 R 1 Ry 4 A 8 I 2% LT
[N =R/ W

y=F(WI LW (Wi +bY) +65)+b") (3)
o WORLO Ry pi 2 28 55 1 — 1 2 RS )22 ] AL
B O B E L () SR U0 oK, 2 B2 55 /0 il
1% F Sigmoid B pR %L, 24 K2 B0 5 2 i E R
% RelLU pRi%K -

R A AR AT 4L K 8500 2 A I REAR
YERINGREE ,15% AT I REARVE ik 42 . LAY
75 25 MSE A Jy 11 2% ok 8K

1 X
MSEZ;E(yf—y,) (4)
i=1

A e AREAR AR, o0 Wi 28 ) 46 i (L, y, o
A

FE YN G i # v, ) I A% 4 B 325 SR HUA 2k o
Bk 2 i i 5 5, 38 2 B TR R Y 05 SO0 S 80
Frlgx (45 2% R Ko /MK

N : Wit 2 : Hith 2

1 eEEmams

Fig.1 Fully connected neural network
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Fig.3 Impact of learning rate on training
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Table 4 Simulation results with the first stage fault
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Table 5 Simulation results with the second stage fault
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