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Compensation method of parachute deployment load based on

recurrent neural networks

JIANG Tian, LI Jian, GE Sicheng
( Beijing Institute of Space Mechanics & Electricity, Beijing 100094, China)

Abstract; Focusing on predicting the parachute deployment load in the process of inflation accurately, a compensation calculation method of

parachute deployment load with RNN ( recurrent neural networks) was proposed, including the model architecture and data processing. The

predicted value calculated by inflation time method was brought into the RNN for the secondary calculation, so that the final result could be close to

the airdrop experiment data. The feedforward neural networks, standard recurrent networks and long short-term memory networks were used to

compare the model characteristic. The research verified the applicability and accuracy of the prediction results and analyzed the effects of

hyperparameters such as learning rate, input layer dimension and hidden layer dimension on the performance. The optimal training condition for

reference to the compensation model was developed through the test. The results show that the utilization of RNN for parachute deployment load

prediction is effective and provides a referential significance for the interdisciplinary research of machine learning and parachute industry.

Keywords: parachute; deployment load; compensation method; recurrent neural networks; long short-term memory networks

WA A 1 R TRAT AR R LT R
(Entry, Descent, and Landing, EDL) 3£ 7 K
W FR Ay , BV < i MR T AR RO 45 < R HL
FARIT FRE W = A B, PRI A
JETF o5 Ry BB i R A DG T A 3 ST ) <
(R B AT AR AR, T o34 AR A AR TR FRBE T TR 4
TR BB ER R AZ B Be ) H I T Bt
FEUUR = e ik s BUE B 52 it
Wk, b, 52 A v — i A KU S0 36
ZEPEIREG 4505 2E  AR I 1 M O B, v A
SRS R A i T BT SE 5 R A
FEIRUE , TREBH B B AR R T BB AR 2

« YRS E#1:2020 - 09 - 10
BT : [}R [ AR ARG (11972192)

DT ERIR I H - Wikt ( Arbitrary Lagrange-
Eulerian method , ALE) D) J¢ 78 23 [a] 38/ %2 7€ i [A] —
25 [a] ( Deforming-Spatial-Domain / Stabilized
Space-Time,, DSD/SST) £33 AL H J7 kAL 34
A ZR G801 U A G TR) R, O AR S92 B b A BT
FA' T A2 BT HARRE ST B i A
T JE 5 AP BT I A v T B T B PR I Y
72K 3 R TR RN T A T DR ERA Y
TR, A 2 B 45 R R A R B2
TP R G 250 A X T I 4 JR ik 2 3
IR X T7 ¥ AT LIRSS N D1 AR I
258 SR W TR g B /AT B A S U T

TEF BN LA (1994—) 58 oy T s 1 A, 1 +#F57 4= , E-mail : jetinjiang@ foxmail. com;
X i GEAEEE) , 5, 000, 1, 1A S, E-mail ; gesicheng@ 163. com



42 1

S, S M RO B 100 2% 11 [ 7 < T b o M2 T 15 - 81

DSB8 1M T 7 < ) P R IR A 5 S T
R, LA R A 00 52, A R Z A BA
A5 Y 2255 2 B M A T s R B L AR
25 BB R I IR) RO 22 95 0 AT T G S50
61 AR R AR T 23 ] o AT AF Rk
R JERIBLER 7 > P R A ok RIS 5
ZAVEREZ B 1 AR 0 0P 58 3 1 18, dEAT AR G 7
A G LR 2 2 R X AT Lo 4 i 4
2 SRR K R 5 i 4R 1 — OB i B Y
3N

HI LS~ R4 o3 Fh 2R o, e G E 1Y
AL S THI SR RCR S e A Mits . I8
23 BRI AT A SRR A AT RS AL AL, K
AP PRI AR E E AT R, 7T LK - W<
ARG — 20 AT RS 5 H— I 2B LA )
FRPIR 2 25 DDA OG5 5 00t I 220 R 25 ) AH DG M A
/N SRS ZPIRASTC I o Xl LA i ] 3 371 Oy ik
filt Y B P R R OC & T8 B R 22 9 4%
( Recurrent Neural Networks, RNN) 4 #01) jz 2%
¥ 245 15 L A8 Fh——A< 5 B 3242 I 251 (Long
Short-Term Memory, LSTM ) H §ij 7 Ak B > %) 1] 25
MR B AR OL 3, Iz T H I M iy A
SRTE = Ab AR OC 45U 48K, 76 78 703 BLIK R ATl rh
HPREE TS AR R ST R 1 P A
ML 2 Ik - T AR SR 1 2 25 Rl b, H.
KA BT Xt GHE M A g
AT, R R T it i v 28y 4 1 S5 ) R IR R A
FIR 08 A 100 25515 ek < 1 22 SO BT AR R 42
28]

AR SCEF X T Ape ol 7 ep TRy B S50, 4 i T
— Tt PG 20 I 24 245 G 28 3 0 =X ) A T SR
R A FEAE R BEAL B TR AN BT LA SO I 254 5
AR B AL BT 1555 o T 3 AN [] ) 1o 2%
BEHUNT T4 7 (05 B2 SR AT LU A R R
IR 2 el 2 RO I 2R R 1 52, 245 A B
AN ZRZHL

1 #SEEER

R L on S ar s SR iR g o IR ST )
BRA S SRR AN, A i RO B R
[RIHEA T X3, AN SO T B4 2 LA SE U (] 4 o B 8
R FE U ]

W& v A 5 RIS 7R T e i v 14~ T 52 0 1
OUANIEL 1 PR o SESLIR R GLis s e, e
VL TR A iz 8l BUS RIS 3l , 2 Bt
(LT AP AR L ELAHN R AL A K AR A 5

QB R GT 1 QML IR AR S s D2
W A2 S W) AR AN K R R

SR A EYRES: Wk o St
Fig.1 Mechanical model of object-parachute system
TE LRSI PR AT IR T, TS Y4 R 58
FBE VST ¢ B9 R AR R A

dl/_ V % m‘r\'+ms . 0

dt ~ _mw +m,+m; dt _mw +m, +mfgSln B
1 ., c,.+C
—V —— 1
2P m, +m_ +m; (D

dm, ) .
o —%pV C+(m, +mf)%/+msgsm0
(2)
Hor: 0 W< RGN 5KV J7 e ffsm,
[l Wy Jo i s m, ARV S o sy D BRI

F o=V

m; = pkC"’ (3)
C FR B A i Bk I BEL R AE
k.t (0s<i<t,,)
{Cl +B,(t—t,)" (t,<t<t,)

A FOR WA FE T ¢, R TR A], H.
L 2 VP

A, D,
tml = V
L
e
Vi
5
. (5)
k=t
tml
_c.-¢
B[ (tm - tml )p



82 e AN o 4

A (D) ~ (5) PIHRYHE RSB LD, %
AN SCEAR, VL BN P EIEE, €, sl
FEI IR AR B RRAE , €, 7R T A Y B
JIHFAE, €, FR B BT RFIE ; ke 275 B
AR A A SR R R AL A, R E5 K
B TN RN H B, 458 p A8 T8 U 8] 35 Pl
B1-~5,

R RBORN R RO 250 S8, I 58 U ) B
W RIRZDER Sy, — e A R I g I I 5 2
PiFo

2 RIRHERLE

GBS X 28 A 21 T LA P Ty 3 K 1 i £t 1)

28 ( Feedforward Neural Networks, FNN) , F Azl [
HFERZA ML B 2 B, FadfE 3 JZ RNN
SERYTR ¢ s 20 IO 2% %) i ) AR ok AR AT R A 0 2K
7

{h“) =tanh(b + Ux"" + Wh" ") (6)

y =a(c+Vh")
xRy B R A BRUZ [
S, U.V.W o ilRnmASRZ B2
)2 B2 S5 RIZZ A ESEGD F e 4
MFERBRZE S ZE M ZICH) B{E ;o N sigmoid
RN

{12 RNN 070 K Hopa 2 An a2 i
Fig.2 RNN model and cell structure of hidden layer

B RNN ASEAR [y fife pii 2 Bsf (8] P 47 2o K B, 3]
SRM B S T R B RN  IZ IR RR N
ISR PR R . A T B X — [n) L, T
Sk 2 HATHEGE T RNN [ £ FhAs {3 op i
LSTM #5545 by A %%, HL B302 40 ff &5 44 4 & 3
B

LSTM HA NFF G ( HIF) 458,51 A T
REHIE C 51187 &, S AT s
IR T o SERES R A A LSTM 5 4 i P &5
HRM AT gk, {5 B R AAAE S E T
A ROR, IRt B e R B 0 f A = S 16 R
FICZ A 45 A2 ¥ . AHES RNN, LSTM [y ) 2%

55 44
ho
cev [ o D N co
Clanh
Vi Fo) 0 °
Lo | [o | [tann] [o ]
R I . R ) J |
\ y,

K3 LSTM 404ty
Fig.3  Cell structure of LSTM

5% B 5 W 28 RR XA BT B, LR 1 AR 4 A
XK.
f =o(b;+Ux" +Wh"™")
i =o(b;+Ux"" +Wh"" ")
' =tanh(b, +U x" + W h"™")
c” =c"""of" +i" Oa" (7)
0" =g(b, +Ux" +Wh" ")
B =0 Otanh(C")
y =o(c+VR")
KHrof i Coo 3R RN ST T AT RS 1
JUH 1T, Ry 27 AT IR 1) -5 )
b U W 7R X0 g [ T4 1 R o A 3 22 A R
JZEAERE, oy sigmoid pREL, © KN m] i
B,

WIZRE e 5 8 3 Min-max A5 4 £k J7 25 40 3
J&, R T B ) A B 5 15 ((Back
Propagation Through Time , BPTT) 25 54456 & T [&
2 (Batch Gradient Descent, BGD) #4751l %5, Hrp
it RS B B 100,

3 FEHEMETTIE

3.1 FEHEMERERE

ARSI EET RN A aR A E
S B —E I TR LA E, I A 28 b R A Y
BB 2 Tz e 50 20 X B R A E AR
APEI L5 DA T I 25, e H s B (R 1) U
FUEEATAMES , FFARIBUBEA R R 28I R4 2R, feli kb
i (8 2 TS S e (R, DA o
RZAE R BRTE o

75 [T B fi FH 1) A AR B R AL
I G ER A 22 W0 25 14 B FH B 7, 4 A T <= 2 vy
HMETHERRIHESL AN &L 4 Fr7R , IZAE S 32 240 4
2230 0% 3 R 255 I 2 A i o TN = > D RE R B




42 1

S, S M RO B 100 2% 11 [ 7 < T b o M2 T 15 83

R AT AT O 2855 23 w0 48 3k
PR T OLAE R B JF A At o (8 <0 g 00 04 5
QPR T P 280 K5 Ak B, AR A5 7T DA BEA T ) 2%
YIRS 0] 4k 5 (338 R L A 100 246 A5 70 1
FriNZh; @UNZRAE 0 W0 26 i i1 2 55 B 1) £ 1 S
P2 A, AR 1 I 28 i 1 22 S b AL T 0%
ARAFAMZ R BT g A AEL

P e er o e ]

/L\\ N " [
2 FHH R FHA ;
L ™ :
I L oy PERABAE | |

B4 JF i bR TUAE L
Fig.4 Compensation model framework of

parachute deployment load
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