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A neural network aeromagnetic compensation method
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Abstract: Compensation for in-cabin aeromagnetic interference is one of the key issues in aircraft
geomagnetic navigation. Due to the stronger magnetic interference and more complex interference
sources, the in-cabin environment cannot meet the specific application conditions of classical linear
compensation models, resulting in a decrease in compensation accuracy. In recent years, data-driv-
en neural network models have emerged as a potential compensation method due to their powerful
learning ability. However, the compensation accuracy and generalization ability of this method are
limited in cabin scenes. For high-altitude magnetic survey sequence data, the changes in magnetic
characteristics are relatively gentle, and there is a certain constraint relationship between the char-
acteristics of the previous and subsequent moments. Therefore, a neural network compensation

model that combines the attention mechanism is proposed. In this method, the attention mecha-
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nism is used to mine the importance of the input features at different moments to the current com-
pensation result, in order to improve the compensation accuracy of the model inside the cabin. To
verify the effectiveness of this method, compensation experiments are conducted using measured
data from fixed-wing manned aerial vehicles and rotary-wing unmanned aerial vehicles. The experi-
mental results show that the compensation accuracy of this method is higher than that of the clas-
sical magnetic compensation model, and the compensation mean square errors on two flight plat-
forms reach 0.40 nT and 0. 22 nT, respectively. Compared to the classical model, the compensa-
tion errors are reduced by 97. 9% and 96. 7% respectively. Compared to the neural network model
without attention mechanism, the compensation errors are reduced by 63.9% and 81.1% respec-
tively.
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Fig. 2 Application of attention mechanism in aeromagnetic data processing
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Fig. 3 Overall structure of neural network models

F2 )2 AR WCS i B 20 0 i 2 A BROEZE 9 S8y
BIh 128 H1 64, Horp ARk )2 1 /R 2 (8 19 45 5
PRSI, - 338 588 Sk AN ] 2 = A0 4 e b
3.2 FEBANBEIMELE

TR 3.1 A G TR IS I A
FAAMESZIR R, 78 BRI 25 o 72 o TR B A 10
AT 20 BSOS F TSR Y 1R A 2 2T L R 4 B AL 2%
P2 BB R Adam F MSEloss. #1t /N Fil 2% 2] %
Ay H 128 A1 0.000 1, M4 AR %% 100 ¥, VI
Ziid FRAE — G A P FR R & 19-12900H CPU Al

200+

Z

_E(IOO-

i

X o]

=

-1004 | |— BA(E
— TE
=5

0 2000 4000 6000 8000 10000
By

(a) ®XIT ARG EIMELER

NVIDIA GeForce RTX 3070Ti GPU 4 it 2 #l I
e

SEU0 SR 2 21 DU v R oE AT B L 3X L4y
PRl €AT A 5 RAT B BUIE K EE 4R 5 12 300 A
12 900, B4 €T A ECIEH IR 4 ¢+ 1 B EL
G35 3 43 R U 2 R0 A L AR I 25 4R aE AT A
25 I 28 ST B YINZ o -5 I 5 1 1l 2 ) 245 A58 78 R
SRS A T A B R L SR R SR
PR R IOCRRE S it L AMEEE N S HE.,
FH T HMEAS BE A BRIE . SEE 4 R 4 Fio.

=
1501 — T
S (H
EIOO-
b
=
== 507
N
}‘*ﬁ
0_
_50_

0 500 1000 1500 2000 2500
AR5

(b) ®IT AWM EWMEER

B4 HITAMNGEMURENIMEER

Fig. 4 Compensation results for the training and testing sets of Flight A
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sets of Flight B (rotary-wing UAV)
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