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Abstract

The dynamic response of rigid bodies during space electromagnetic capture is governed by the cou-
pling effects of electromagnetic fields, mass properties, and initial operating conditions, resulting
in highly nonlinear motion characteristics. Conventional Physics-Informed Neural Networks typi-
cally employ a single neural network to learn the complete dynamic mapping, requiring the model
to simultaneously capture both smooth trend behaviors and strong nonlinear responses occurring
during the electromagnetic attraction process. Such a learning paradigm increases training com-
plexity and limits predictive performance. To address this issue, this paper proposes a collaborative
prediction framework that integrates physics-constrained interpolation with PINN. The proposed
method decomposes the dynamic response into a linear trend component and a nonlinear residual
component. First, a Hermite interpolation model is employed to reconstruct the continuous trend
term of the motion trajectory and provide a baseline prediction. Subsequently, a PINN is introduced
to learn the nonlinear residual dynamics induced by electromagnetic coupling effects, attitude var-
iations, and rigid-body dynamic interactions. Newton-Euler equations are incorporated into the
loss function to ensure physical consistency of the residual prediction. The final dynamic state is
obtained by fusing the interpolated trend prediction with the nonlinear residual estimated by the
PINN.
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Figure 1. Framework of the proposed hybrid interpolation—-PINN collaborative prediction method
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gt A2, PINN FIH] H 0 BOR TR Z TN A5 R — B A —Fir S 80 IF@sh 222w, 5H
PR 3 S35 M BN E], PINN A 25 F A it Q2 AR A0 - KR T7 12 8 SCROIRUE 25 18] A -8l 3 g 2
PRI

R,(0)=mi —(F,,+F,,) ®)

BERNE 152 R, (0)=1o+dx(1d)—(M,, + M, ) o # =7, +Fy, » FTA T TR0 i 2 5]
HESEI) E1 300 st S B AEBUR BT BN BRI T, PINN AMAENS B MEBUR I & 1822,
S R AR 2 3 B P AR e M T B £, 7E B8 2 THT L 396 SR WU 3 U 8] J, S
9 (t)= 3, (£)+ N, (t, 1) SELE 72 SR Bk FE TR . MR G LSS B AL T 2B i & B2 D1 R g,
TR B TR T WL R 5 7 21 1R J2) 30 A0 L AT

3.3.1. MIERMEIET

PINN SR Ao RS 28 IR 55K N, (1, ) BB TSR = [m,v,, 1,6] S50 RIS & ¢ 55%
ETF(r) MARLEMEMLST . AN ZYERE R S, BBZREN 42, FEEE 64 MHEIT, IR AU
TEV) o $ (tanh) (9 s DL 2 S HOE SV TR . E B2 MR ZE TS IE I & 7 (1) e RY, Wi
PR B, R DUTCE A R .
3.3.2. ¥PBRLFRMK R

N T ORUESRZE BN P 3 — B, PINN 0K BB T SR & 5 18 1 808 I B U5 30 ) 2 ) Bk 22
Wlo SBURBREL L, FEXMWIN e L = AL + ALy + AcLic + Ay Ly + 3o, BUR—FERIK L, JE
2R N 45t 5 7 LR R 1 T R

1 ZNdalu
i=1

‘Cdata :N_ ;'(li"ui;e)_(ytrue (ti’lui)_j}L (li’:ui))uz (9)
WRRBR AW £, 8 BB TR B S G RN - BRRLE) T . 4

data
‘phys

()=, (0)+F(e) . MAIETR A
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Kbt

1
L, =
‘phys N !

phys

’ +”Ia*)r +ox(1o)-(M,,-M,,)

2 (i (£,

j (10)

333, BENMESREEN

WILETEMR  RFAERAR AT 0 J ¢, FGR B 1) TSR § (1) ML i e A R
AR §(ra)= 5, (1) + N, (Lp) o B THREDBR A T TR UK 0% FIZ ALHE S, PINN
U5 T T P A 2 B R R R ST A o SR A3 2 T LI S WS T I 0 1)y
%, FERRARLRIE N MO BRIt AR A i ) 5 58 B I

4. SKEWEERSH

N T IAEASCER ) “HfE B LTS PINN 5z )7 WhIE FNAE S 78 75 (8] il 3K 80 /1 22 b i)
HRME, LIHET Ansys Motion 5 Maxwell BEA 7 B SR8 TS 1200 H TSR E . Z5dE4E
W T EHAR R (m e [my,,m ) SRR (] €[ Ly L | )~ FIEERIXE R E (v € [Vigin» Vinax | )X 25 1]
DLE LS €[OO | VEFRSEL BN, RENS 78507 o HUBER PR L AR P ) T AR BRI L PR ) 18588 S
ARk =B B

4.1. HERES)IZERE

JI SR A/ERL B A NVIDIA RTX 4080 GPU [ LAEuG E58m, 55T PyTorch VL% >JHESL S .
MILE AL 28K Adam 5098, WG4 R RE N 1x107, FEATEEEE M CGEREN 0.9, & 1000 1
Epoch #4T—K), CABAERIIZRIG A E i Aese th o BE5t b F FOAE L, A BRI A, 530 17 T
KUE A, 73 I GE AN 0.1 A1, DLV B — S S EERILEAS . A L4115 10,000 4 Epoch, H.
ZRUR R EUS BIRR B SIOIRAS .

4.2. NEIHEEXTEE

ASCHTHED FRIAEZL R FH B I BEORNS . 25— B BE S A st =ik Hermite W)ERLHR{E L T
SRS ) )1 N RIFE SIS SR, HEE &8 )15k 2 S R R P2 SR % nT S HREAE A, A
AR ORI G FRAPIRAS 650 55 — B BOKHE(E SR 5015 B0 R (R AR & & Tl 2ot F 4 A PINN, FIH
B S F R 2R - RR A7 7 FE 5 R ) ik 22, I IR ZE R PR THAS FE AT 3 — BB I . XLl
B HE: MLP 5 LSTM 1E A BdE iR B e, f£48 PINN CR 5] NHG{EEH, B — M R 2% 3] S50
6] 5 6 TR 30 5 VR 2 R B M, DABGIE A (B S0 300 I [FIAE 22 PP RE (A Bk 35 1 B 7 SRR E AL
B, RS0 ) KA T IR ZE(RMSE) 5 B4 %R 2 (MAE) .

Table 1. Comparison data of different model experiments

= 1. TRIEE X L ¥R

Rt £i7 & RMSE (mm) % RMSE (mm/s) ZZ MAE £A3% £ RMSE (rad/s)
MLP 0.098 0.104 0.028 0.072
LSTM 0.076 0.086 0.012 0.045
PINN 0.032 0.025 0.004 0.018
Interp + PINN 0.019 0.014 0.002 0.011
5. 45ig

b0t 2 ] LA BRI R PP R AR Bl g S P T W (i AR e . S HOR G [ 22 Bir B A A, AR SR HY
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IRGEH 2%

TR TGRS THE PINN B2 S I RITIN Jr i %053 R 2R W3l /1 22 WS gl v 2 Wi
HI S WA LN R B IS 21, BRI

1) SEHL T B A BORS HEAR RS JEIL Hermite J{H MR 1 22 18] R RE I PSRRI SL LRI AL & %, A
RO T 3 712 RGP R AR fEBbBEat b, FIA] PINN & [T 50 s B A S e R 24 036
AL P I SRR S U 22 I, S35 FRAIR 1 M 22 I 4 B AU S A DU KR 2% ST HEFE

2) sk 15 TOLZALRE ST : PRI SRMIE RS L ML o B A AT 46 I 1% B 5 R L O (R At S o
RILMAARAER B SR EARHON R TOUR AL 7 AT SERY SR YS, AERERE T 7 26 AR T e R T AR
RITEMERE, s (B R HUIR 5548 55 Th A FLR 5 S il 3R 3L 17 e i) B AR ol R i

HE&mHE
LR RE 34, WH% S SAST2023-084.
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