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Aircraft geomagnetic localization algorithm based on GGA-ELM

neural network
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Abstract: Traditional neural network algorithms are prone to consuming a long time and getting stuck in local
optima when artificial intelligence methods are applied to geomagnetic navigation and positioning. To address
these issues, a method for geomagnetic positioning of aircraft based on improved gradient-based genetic
algorithm optimized extreme learning machine neural network (GGA-ELM) is proposed. The training
efficiency is greatly improved based on the optimized ELM network and the risk of falling into local optimum
is effectively reduced as well by introducing an elite reverse learning strategy into the traditional genetic
algorithm. Some aeromagnetic data measured by drone are used for investigation. The experimental results
show that the training time of the GGA-ELM model is significantly reduced compared with the CNN, BiLSTM
and LSTM models. In addition, the localization error of the GGA-ELM model is about 4 m, and the localization
time is 0.003 s. Compared with the ELM, GA-ELM, CNN, BiLSTM, RBF and LSTM models, based on the
GGA-ELM method, the localization accuracy is improved by 86.6%, 115.9%, 417.8%, 187.6%, 216.5%, and
107.5%, respectively. The localization time is reduced up to 0.947 s. From the results, it is clearly seen that the
proposed method has better positioning stability and higher accuracy on aircraft localization.
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Fig.2 Flowchart of GGA-ELM algorithm
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Tab.1 Integration of equipment for aeromagnetic measurement systems
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Tab.2 Comparison of evaluation indicators for feature
quantity combination selection

S  HAFE4l4S RMSE/m MAE/m R? I|ZkEf[A]/s

1 X. Y. Z 3.85 2.78 0.99 49

2 X.Y.Z. F. H 567 4.82 099 52

3 X. Y. F 8.25 729 0.99 49
4 X. Y. H 7.51 599 0.99 49
5 Y. Z. F 9.26 6.95 0.99 51
6 Y. Z. H 7.11 6.29 0.99 50
7 X. F. H 5.27 4.61 0.99 49
8 Z.F. H 4.61 4.14 0.99 51
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Tab.4 Multi-step prediction of evaluation indicator results

B RMSE/m  YIZRITA)s A2 [H]/s
2 4.02 49 0.004
4 5.33 49 0.004
6 5.92 49 0.004
8 6.58 51 0.003
10 7.56 51 0.003
12 8.27 50 0.003

MWz 4 WLAE N, fEREPEmENERL T (<6
), MERITA E AR ZETE 4.02 m~5.92 m, YIZRRT
FERFEAE 49 s, ENIET R PRFFLE 0.004 s, FRIIASCHE
L 0% 0% 7 6 5 A S I ) PR B A HEAfl M Al B 6
ITas IR . BEE T B B I, AL Tt iy
PHESIRZ B AR, 8. 10 4. 12 W5 6 i
DAL , EALIRZESF IR T 11.15%.27.7%F139.7%,
YGRS 0B R T 4.1%. 4.1%F1 2.04%, X[t
TR 2 1 BRSO . SR AN, AR [ S A BEAKR
IRORFFI Bk, IR R IN VE I Y, REE
FIIBEHUPE RN A R PR 8 (145 S 04 5 M b 25 19 5
PRI, 326435 3 T A0 50 B T R VG R P B PR 3R

4 % i

ASCHFFRER T — P BT o A SR R A AR B
S INUR AT RO B N T . TR Sk
SIATRESER 2 ) 5ms, LA LR S, AT
TEARACIE AR A 280340 B AR S 1) S A AR A
FERGH N FH T ELM #AY DS e 9 (6 808 . i
SBT3t LA

(1) X. Y. Z /& GGA-ELM ENJT 81 i Hb
WA R AL .

(2 )GGA-ELM Hb e J iAHAE T B — 1) ELM
R AR A GA-ELM, BRTEVIZR58 )
WEA R, (HHAEE AT FAROREIRFE T 7K, iR
DA & A BE 5 BE 2 ) SEBL T ARAR I P . 2E—
A Hb, 5 YU b E 6 SR A R 48 W 4%
(CNN). WAL A2 M 2% ( BILSTM ). 12 1] 3 ek
B4 (RBF ) PARASHEIAZ M (LSTM ) #H L,
GGA-ELM J5 75 E AN 5 3 BE P OGS Fig s 34
JEBLH T Itk gE, UL T A R e
M,

(3) AR GGA-ELM bR E A5 7] LA
T AR [ G BE T (A T TN 7 S BR RATATE S5+
A LU R R B K & PRI BE 2P 4K

T B R, ASSCISRIRAAE — DAL/
IR AT, ARITFIOR T ETE R FEA R B
SEhb BT EAISERY, DA — B IR KR E X

SREER . R, ARREFFOR R RS — Pl R
%, DARTHHAE M [P i 2 AL PR, A 5
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