45% 4570 % #  E£ ¥R Vol. 45 No. 7

2024 47 H Chinese Journal of Scientific Instrument Jul. 2024

DOLI: 10. 19650/j. cnki. cjsi. J2412420

E TiBh £ 3255 %5 5 NECNN-BILSTM ifTer{*
HMEMENHIFESERGERAR

WHE | TR REM HER

(1 BERFRE TR AR A8 230601; 2. RS HE A EE TR AIF 230601,
3. BEBRAHEM2ABE AR 230601)

T EECXRIEF T N5 SR E SRR 32 1L — s & e O — TLE SR 4l Bl 2 B WA 1) R B Mg 75 o A T 4% 1 W
FE AWM, B, BRI AN REY B AT RGBT AT A B PRSI B AR AL, 4B PO A D AR B T 2 E
TESHRAE , BHJG , T — i 4 e 80 2 AR 25 2% ( NECNN ) ] K45 B30 Z M 46 ( BILSTM ) 114 1% J& o 25 R 8 A5 80 1) 1
AT TR A AR (9 M 75 155 PR 3 1 PR 8BS T EA TN 2 487 PG IR RS 5 A DR B IR AR E 5 Z MM AR L R,
J& AERE RN A b R TR AL ERES B 5 e F PO R SRR I 7 A3 P OB IR ER A AR 1 75 W A5 50 2 T e
7SS LS R RIS E S . SCInas R AR SO 5 ARG R VR B KR 2 SRR 2246 bR R TR BT
% NSRS %‘ﬁjlm\%ﬂa@wﬁéﬁ%‘ﬁiﬁﬁ 7 SR FH - A RGN R A | P T A A DU A4

KB . WL RIS WA 55 W s s T A VR A 28 I 4%

hESES: THT SCERERINAD: A ERErEZR SRR 460

Magnetic field signal denoising based on auxiliary sensor
array and NECNN-BIiLSTM deep neural networks

Hu Shuzheng' , Wang Xiaoxian®,Song Juncai®,Lu Siliang'

(1. College of Electrical Engineering and Automation, Anhui University, Hefei 230601, China; 2. College of Electronics and
Information Engineering, Anhui University, Hefei 230601, China; 3. College of Internet, Anhui University, Hefei 230601, China)

Abstract: Aiming at the problem of accurate denoising of magnetic field signals under strong noise interference, a new method of
denoising magnetic field signals combining the auxiliary sensor array of center-satellite architecture and the deep noise reconstruction
network is proposed. First, the magnetic field sensor array is built, and finite element analysis is used to optimize the sensor array
positions and analyze the signal characteristics between the center and satellite sensors. Subsequently, a deep neural network model
combining noise-enhanced convolutional neural network (NECNN) and bi-directional long short-term memory ( BiLSTM) is constructed.
The model is trained using the noise signals captured by the sensor array to reveal the nonlinear mapping relationship between the center
sensor signal and the satellite sensor signal. Finally, in the magnetic field detection process, the noise components of the center sensor
are reconstructed using the noise of the satellite sensor array. The denoised magnetic field signal is obtained by subtracting the
reconstructed noise from the noisy signal captured by the center sensor. The experimental results show that the proposed method
outperforms the conventional method in terms of the maximum error and the root mean square error index of magnetic field denoising.
This new approach provides a new means of dynamic denoising of signals under strong magnetic field interference, and is expected to be
applied in the fields of current detection, magnetic field imaging, and battery quality detection.
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Fig. 1 Noise reconstruction and signal denoising schematic
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Fig. 2 Schematic of the satellite sensor array
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A TR 22 0 268 1) 1 A6 AR 2 53R B IBUR) BOARRALE , [) 1
A A T A AL A R AT R D 2 RO A R
T LS G AR EBCRSC 0 P9 DAL R AT, i 2 IR0 2% 114 T2 T 52 42
R A0LA R R 2 R AR TE A EL 22 R T CNN O
g H oM SRS BE AR SO TR MG P 1 5 CNN AR i
li] CNN A A G PF e TR R 4R iR CNIN 3Z AL BE ) A1 53
SRRFEE BT AR R m b s A X (1) Bw

,wZ
i0
2

21 (1)

n,,= ! e
ToAV2m
P, , WA I APETT ERSI AL 0, , HER @ DRPE
JC R IRIE TS A S RS SR, AR AR R B
4 0.8,

BiLSTM FH P AH S 3% 45 19 LSTM 411, 1F 1] LSTM
RIUF 5 EE Z HT A5 8., B 1) LSTM RE £ B2 1), Bt
2 R 1) RS A5 R, LATE 2o o 25 AR SR IR A
SRHE I 28 1) AT G S, T 57 X B A RE AR 2 AT T
[AIIE , BILSTM 1] LA 250 i 34 56 I 4% 1 b SC PR g e T
TR B AR OC R 3R ST R A e . A
FHRCGE B2 () LSTM )2 28 th 8t 0 1] e 12 T A i 1)
3 UL A 4 iR,

FE LSTM 2 s TR B Rk = (2) B,

S, =6(W,-[H_ ,x] +ay) (2)
Krfox, FUH,_ 0o Z0 ¢ (5 AR Z) -1 B
2,8, W ,ay /3 il Fem st il T S oR R ASCER R I R O
B, S, FORBUEIE RIS 0~ 1 Bt



230 % & L F ¥

4 LSTM Z45H R R K
Fig.4 Schematic diagram of LSTM layer structure

eI T ReEF R I (3) L (4) i, X, Pl
Z0 AR o i 2 o RS RV AR, W, e,
W, a, 53 AlJE 5 2 X 7 B A B e A B B, 18R]
FECIZTTHE T 24T 2 M 46 2 R S5 B e £k

= (5) iR,
P =8(W,-[H_ ,x] +a,) (3)
7" =tanh(W, - [H,_,,x,] +a,) (4)
Z, =S *Z  +P x7Z" (5)

T EeERA I (6)  (7) Fian, A, 0,
H, 5y MR 2 o 5 RS, W, a, 5350 3 i
1T V1R S B R O R M R

0,=8(W,-[H_ x] +a,) (6)

H, =0, *tanh(Z,) (7)

2 EIWERBRITSERERSFHREMLL

2.1 SREEFIT

KRR A BT AT AR SCHE R T 3T TMR %
TS BB B (4 1 1 W 7R MR SE IS B L IR S BT
- 1 LA 4 4R - T g AR LI HL U DP800 | B4 Uik
FLUR SPE3102 A1 & fE A& B 1 ol 5 T BB IR AR A |
BRI H BRI 119 548 NI USB-6289 %ic#i R 45 &
PLEF, Hp REAL IR A A5 Sh TMR2003 , 14 8% 45 1
REPEHN 6 mV/GS, LML N £35 GS, A REE
FENAYE AR R

R A RS AN R R 1 G A ) v e % TR R
B RS BB AR e A A Ry 43 A A8 O A5 IR 88 S 1R, 3
K H TMR ARG . % I8 3] TMR & Bk i 15
S ERES AR, 45 TR AR AU 8 A 1
A B TMR &I F TR R MR A 305 B, Horp
P F TR AR 1 Ab 2 T RAEREES 1.5, T A
R IRAR B 2 b () TR AL JRAR 2.6, 1 T DR AL IR A5t
e 3 ARy JE TRARIERER 3.7, 00 T TR AL AR 4 4bfY

X TMR2003
FL g

AT
FDP800

HE Bt iR
SPE3102

K5 T 0 B A% B 51 A B e R SRS 06

Fig.5 Experimental platform for magnetic noise denoising

based on auxiliary sensor array
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Fig. 6 Schematic diagram of sensor acquisition circuit
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Table 1 Similarity matching of center sensor signals

to satellite sensor signals

¥ (x,y) | cos | Fd (GS) FCE
1 (1,7) 0.572 0 79.291 3 0.809 2
2 (1,6) 0.841 8 81.554 9 0.727 4
3 (1,5) 0.985 2 73.871 3 0.607 4
4 (1,3) 0.861 2 29. 8817 0.274 6
5 (1,2) 0.392 7 15.033 0 0.3225
6 (1,1) 0.562 5 18. 646 5 0.289 9
7 (2,7) 0. 608 9 35.864 0 0.420 9
8 (2,6) 0.840 9 34.873 1 0.3253
9 (2,5) 0.973 1 30.430 8 0.237 3
10 (2,3) 0.902 2 12.386 3 0.108 4
11 (2,2) 0.482 7 9.484 3 0.240 9
12 (2,1) 0.378 3 13.907 5 0.3182
13 (3,7) 0.618 4 17.438 0 0.258 5
14 (3,6) 0.828 9 15.107 0 0.159 4
15 (3,5) 0.960 1 11. 668 3 0.080 5
16 (3,3) 0.913 3 4.350 0 0.034 9
17 (3,2) 0.472'5 7.404 6 0.226 7
18 (3,1) 0.2852 11.354 3 0.331 1
19 (4,7) 0.6110 9.423 5 0.192 2
20 (4,6) 0.809 0 6.733 9 0.094 6
21 (4,5) 0.946 3 3.562 4 0.015 7
22 (4,3) 0.901 4 3.7254 0.034 0
23 (4,2) 0.402 9 7.190 2 0.251 0
24 (4,1) 0.2513 9.941 6 0.3317
25 (5,7) 0.595 5 6. 668 2 0.174 2
26 (5,6) 0.784 3 4.834 6 0.087 5
27 (5,5) 0.9318 3.430 0 0.020 0
28 (5,3) 0.867 2 5.423 0 0.061 4
29 (5,2) 0.302 1 7.430 1 0.290 9
30 (5,1) 0.247 0 9.1258 0.326 2
31 (6,7) 0.577 6 6.371 9 0.178 4
32 (6,6) 0.757 8 5.603 3 0.104 1
33 (6,5) 0.917 0 5.278 2 0.0415
34 (6,3) 0.8103 6.543 3 0.092 5
35 (6,2) 0.198 2 7.635 8 0.3317
36 (6,1) 0.255 0 8.6125 0.318 8
37 (7,7) 0.561 7 6.774 8 0.187 8
38 (7,6) 0.7339 6.512 1 0.120 9
39 (7,5) 0.903 1 6. 468 7 0.057 0
40 (7,3) 0.741 7 7.173 9 0.123 7
41 (7,2) 0.1158 7.737 3 0.363 5
42 (7,1) 0.264 5 8.255 1 0.312 1
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Table 3 Comparison of prediction accuracy of models
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Table 4 Comparison of denoising results of magnetic field
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