$47% 452 W % #  E£ ¥R Vol. 47 No. 2

2026 4F2 H Chinese Journal of Scientific Instrument Feb. 2026

DOI: 10. 19650/j. cnki. ¢jsi. J2514616

AL B B S T AR R 8 B AR B T R A 5T

F A B SRR A R E, FEE
(1 PRI R 2B FR 4000655 2. BPRACEHUM Sz 8¢ Be K 400044)

T E A RS SE T I 5Pl R AR B R R G 2oL R AR B AT W ORI, [t A e L, o Ay
TE R I Y BE BRUBORE , AL OGRS BOTA SR AL AT SRR | © E RIALME & i AR B2 R . SR, BB RS & 1)
TN LA 8 RS, A T R s LU S A T ARRE R O Wk A R B T b R v B A TR A TR B Bz Ak
RETT. UL AR T —FIB B RS 5 RER I ik, B 56, RIS AR 57 22 FUZE IR T TR 25 R0 R, A a2 TR Ui g
T, LA 220 T A 2 A ) SRR T LAPT 58 8 5 BB B o0 AT, i SRR B 2 2T AR I L W B SR M ARAE . RS BT IR T B B e %
5 RUEFFE AT 2 S CBR B AGTR AL, JF 5 | A Sl A Rl G RS b | 7638 18 55 e B) 48 5 1 3 I bR 8 AR AN B, 28 10 B R
HURAL sy R T T, &5, EWE 02 REFEF 5% A Vision Transformer, 382 A 12 2 77 ML ARG
F5 I ROEARSCHE | DO ZE 50 T P0 AR5 M bb 2% (4 T S 0T I s B I FR AR 5 (R RS T IR, S 25 SRR B, 4 i (W A A0 A
= 2R UL AR 5 R B S R 3 A5 B M BRI BRI 5 2R, TR HERR 3R s 1R 2R 5 U MERA 2R 43k B 99. 72% |
98. 94% 1 99. 44% ,1E-5~0 dB AYMIEAFME FLEREE T X T RIS 5 AR ISR U FAE S A 1k

SRERRIA . ERIAIN 5 SRR S AL A s PR % 5 T R I HL

FE S %S TP206+.3 TP183 THI117 XEFRRE: A EXREZERSEND: 510.40

An interpretable intelligent recognition method for voltage signals
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Abstract ;: Monitoring and evaluating the in-service condition of equipment in real time is essential for maintaining the stable operation of
large-scale complex electromechanical systems. Inductive oil debris sensors detect wear particles in lubricating oil via electromagnetic
induction, providing a reliable basis for assessing the wear condition of critical mechanical components, and have been widely applied in
the maintenance of large-scale mechanical equipment. However, the induced voltage signals generated by debris are usually weak and
are difficult to identify accurately by manual feature extraction under the influence of various interferences, which limits the identification
accuracy and generalization capability of inductive oil debris sensors. To address this issue, this paper proposes an intelligent recognition
method for oil debris signals, referred to as PCatten. Firstly, the morphological stability of debris-induced signals under multiscale
filtering is exploited to construct multiscale filtering features, which characterize the key geometric profiles and energy distribution of
debris events and provide physically meaningful input representations for subsequent deep learning. Subsequently, a parallel convolution
module is designed to perform branch-wise deep convolutional modeling of features at different scales, and an improved fusion attention
module is introduced to adaptively recalibrate feature weights along the channel and temporal dimensions, thereby highlighting debris-
sensitive components and suppressing complex background interference. Finally, the reconstructed multiscale feature sequence is fed into
a Vision Transformer, which captures long-range dependencies and cross-scale correlations through the self-attention mechanism,
enabling accurate discrimination of debris-induced voltage signals under strong interference and low signal-to-noise ratios. Experimental
results demonstrate that the proposed model achieves excellent performance on both three-coil sensor dataset and high-gradient static

magnetic field sensor dataset, the interference elimination rate, debris identification rate, and debris identification accuracy are
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99.72% , 98.94% , and 99.44% , respectively, and the proposed method still exhibits superior debris-detection performance compared

with traditional algorithms under low signal-to-noise ratios ranging from -5 to 0 dB.

Keywords : debris detection; inductive debris sensor; neural network ; attention mechanism
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