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Abstract

To address the high-dimensional non-linear magnetic interference in Unmanned Aerial Vehicle
(UAV) magnetic detection tasks caused by onboard electronic systems and attitude maneuvers, this
study investigates an improved magnetic compensation model based on the fusion of deep learning
and state estimation. A coupled compensation model based on Long Short-Term Memory (LSTM)
and Extended Kalman Filter (EKF) is proposed. This model leverages the capability of LSTM net-
works to capture the temporal non-linear evolution of heterogeneous features, such as motor speed
and phase current, while integrating EKF for real-time posterior correction of non-linear observa-
tion residuals. This approach overcomes the inherent limitations of single neural networks, such as
prediction drift and high-frequency fluctuations under practical operating conditions. Simulation
results demonstrate that the proposed method significantly enhances compensation accuracy com-
pared to the traditional Tolles-Bergen (T-L) model and single deep learning models when dealing
with complex coupled interference, achieving an improvement ratio (IR) of 17.25. In actual UAV
flight tests, the compensated Root Mean Square Error (RMSE) was reduced to 1.7403 nT, represent-
ing an improvement of approximately 39% over the sub-optimal model. The research indicates that
the coupled algorithm effectively suppresses dynamic magnetic distortions produced by onboard
electronic equipment (OBE) and significantly improves the quality of magnetic measurement data,
providing robust technical support for high-precision magnetic detection.
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Figure 1. Schematic of a single LSTM cell structure
B 1. LSTM W& B MpRE iR EE
LTPANNESY APSE
C, =tanh(W ®[h_;,x ]+, ): 1)

Hrb, Q@FIRIEFEIRIE, W, RMIEIRESKIBER M, b REEIRESHIME &, h Fon b 25 H
RIREGECRAS,  x R HATN ZIFPRES =R A, CONREAIIIRE .

DOI: 10.12677/csa.2026.164132 312 THEAURF 5 R


https://doi.org/10.12677/csa.2026.164132

XF 5

it:U(Wi®[ht—l'Xt]+bi); )
H, W, BRI PIRERRE, b 2RI WE RS o & sigmoid WUHRE: i, AT
A, x 2 AATI ZIFPRES R R R AT THRE 2 1 5O 4 MDIRES o
S WELT AR
ft:G(Wf®[ht—l'Xt]+bf); 3
o, W, RIS BIRERRE, b, &G TAMKME R E, @ FRARMEMEIRIE, f ABE T,
JUHEO, 1], REBMISHEE: BT T E HETN 2 t 2 Adis b — I 2R .
CE AT T AT i, UGN G, 48 M RIWAIRE C,, , @
TR C,
C, = f*Cpy +i, *ét 3 4)
FET R G ARG C, o A RS T REGEUIRES hy 5
o, =c(W, ®[h,x]+b,)
h, =0, *tanh(C,)
Hor, W2 5B RERE, by 2Rt T TR m B &, tanh 52 tanh BUE KA, o, &% H T HE0E
B, #HIAAT4 RS C A 2/ MEES M BIREARA h . &2, @ 2R ZT, W R A5
K IS 221 PR R e TR DU A =

®)

AB,,. =W, *h, +b, ; (6)
N TRIHERIESASIAEL T E M, 15 MBCR A Huber #12< K%, B Huber 15 2% 2R 41 B (H
60=0.1nT o
1 true \2 true
E(ABobe _ABobe ) ' |ABobe _ABobe <6
Huber Loss = @)

obe

5|AB,, - AB

—152, else
2

2.2. ¥ REREER (EKFBNRAMITER

9T T LSTM T sk 2 36T 1 2h 25 WL 75 , K 5005 50 AF @ K /R 2 I8 M (EKF) 1E 9 Ol 42 .
T T AMUTE CAT A h R 5 A 5 B LI 2 1) A7 7E AR LR PR F LT i 56 2R, A G R R /R 2
e DAL B B (A 1. EKE 00 JBAE AL R 96 4 AR AS A0t IR MU 7 FEHEAT — I R B R, sl
SRARETT AR A R G0 R R VAL o (B BRBATIE AR, 1 e AR R A B R AR 17 6 1) 53, T4
RTEN 220 R S s B, P OL I B 5 2, S A 18 5 T F- AL 0 22 0 A
GEAIBBIERR/REMS, WHEIHREETRIEIE. XA AURIE T IR 2
P REST, TRV R 7 DR 380 7 0 AL 7 (5% i 2R 5 s e T A G 2

B, NI 2B T B B2 P, 240 K I BRI R0k A By RIS B
FER

B, =FB,,
P = FPHFT +Q

Horb, FORRESFA RN, BT MBI RN RN IEE R, BURALRERE: Q Rl fRMers , Bvx MR I

(®)

DOI: 10.12677/csa.2026.164132 313 LR 5 R


https://doi.org/10.12677/csa.2026.164132

PRI

Q=diag(o?)
BN BRI EAE B A1 LSTM #Z M 25 TN ) OBE #i T 401 AByy,, » FI LSTM 2R 45
T B A IE N A, THEMEEZE, 7320 T é;k ;
éz_k = Bmeas,k _ABobe,k 5 )

WFm@@E%ﬁ~%ﬁﬁﬂﬁ%%ﬁﬁ@ﬁﬁﬁ—m5%@%,ﬂm%mwﬁmH=%-5%

By

B P b 77 ZE v E AR 2 )RR 2 K,
K, =R HT(HR HT+R) (10)

Hr, K RTTEARI S 20 R R ST, B 2w I 20 1 S B8 TR0 B 75 25 6 R 1 4 A BT 1 9
DA, Kk FoR 2R k 20 WS 7 22 RARER T LSTM FIIIME RO ANHERE . A S0 i e it Il 25
RS BB TOUT KPR Z T Z2 K65 5E R (2EHER . RIS, HRAMIT 2 R 16T LSTM JKZTE
EAR R

S 4 I 220 3 TR A7 DS 48945 5 e £ i 3 T8 B

ék:é;+Kk(|§;k—é[); (11)

R, AR 2 7 AR B = (1K H)R, .

AN, A SCHEH R R B Eh A A5 R BB IE A S AR RS g . AR SRR F, |
¥ EKF FA a0k 2k b /7 22 B & LSTM [IRRIZ, FIRREAMTHIUREHE B ah& M &t
HEOE SRS, M HIH AR T TR . BRARA S E SR s E A 2ok, {51% 330 Bk
N BRI AEAARAE e LU IR IS N S TR IR AL T FE G FEmt .
3. SS9

AR T AR T B E S SR AT RERGE, WEFTHR LSTM-EKF Bt iExAE£: 1 OBE Wi T3
HIfME M RE .
3.1. SRS

N T RAMERT ) S0 S5z A0RE ), AR BT SEIRRFRE I 2 Fios. w G, EET I
B I R ERE, E NG EES %, Wa, FPRETLANEEM. BIFEE.
EHL AL M FE R G AR S AEREIE . 7ERCE TRAC PRI B, @@ e AR AR H AR R S, SREESER N 250
Hz, A 2 s 1EshE Q#7883 —1b . TG I AR E AR PR N CIZR I LSTM #4228 3R B 4]
KT, s&aiEidy BR/RESEREKF)ITIEL MW FiEMih, il B &aME G R iiE 5 .

-/

LTz | OBEETIL | g popmgeyy |
LRI AR

L ETTPIE S Hoda AL MR

Figure 2. Overall workflow of the magnetic compensation experiment
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Figure 3. LSTM neural network structure
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Table 1. LSTM neural network model configuration and hyperparameters
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Figure 4. Simulated measured magnetic field and true magnetic field
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Figure 5. Compensation performance of various ablation algorithms and the LSTM-EKF algorithm
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Figure 6. Comparison of magnetic field prediction errors between the T-L model and the LSTM-EKF algorithm
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Figure 7. Comparison of magnetic field prediction errors between the LSTM model and the LSTM-EKF algorithm
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Figure 8. Comparison of magnetic field prediction errors between the EKF model and the LSTM-EKF algorithm
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Figure 9. Comparison of magnetic field prediction errors between the CNN-TL model and the LSTM-EKF algorithm
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Table 2. Statistics of compensation results for various algorithms
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Figure 10. Deployment experiment of the small fixed-wing UAV platform
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Figure 11. Installation and layout of the magnetometer on the small fixed-wing UAV
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Figure 12. Aeromagnetic detection flight trajectory of the small fixed-wing UAV
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Table 3. Statistics of compensation results for various algorithms in actual flight scenarios
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Figure 13. Comparison of magnetic field prediction errors between the T-L model and the LSTM-EKF algorithm
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Figure 14. Comparison of magnetic field prediction errors between the LSTM model and the LSTM-EKF algorithm
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Figure 15. Comparison of magnetic field prediction errors between the EKF model and the LSTM-EKF algorithm
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Figure 16. Comparison of magnetic field prediction errors between the CNN-TL model and the LSTM-EKF algorithm
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Figure 17. Compensation performance of various ablation algorithms and the LSTM-EKF algorithm in actual flight scenarios
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