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Abstract

Seismic exploration data are often contaminated by various types of noise, which can obscure
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effective seismic reflection signals and impact the identification and interpretation of subsequent
geological structures. To improve signal quality, this paper proposes a hybrid intelligent denoising
model (EM-KF-PF) based on the Expectation-Maximization (EM) algorithm, Particle Filtering (PF),
and Kalman Filtering (KF). This model enhances particle diversity through the EM algorithm, uti-
lizes PF to handle nonlinear and non-Gaussian noise, and incorporates KF to improve the conver-
gence efficiency of state estimation, thereby achieving an effective balance between signal-to-noise
ratio (SNR) and estimation accuracy. Numerical experiments demonstrate that, compared to tra-
ditional methods, the proposed algorithm performs better in terms of improving SNR, reducing
mean square error (MSE), and fitting state trajectories, exhibiting strong nonlinear adaptability and
multi-scale noise suppression capabilities. This model is suitable for seismic signal processing sce-
narios, but there is still room for improvement in areas such as parameter self-adaptability, high-
dimensional scalability, and non-Gaussian noise modeling. Future research directions include GPU
parallel acceleration, online learning mechanisms, and the incorporation of physical constraints to
enhance the engineering applicability of the algorithm.
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Table 1. Impact of different types of noise on noise suppression effectiveness
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o 0.001 0.005 0.01 0.05 0.1 0.2
FWEHT SNR (dB) 52.81 38.51 32.31 18.44 12.24 6.53
M J5 SNR (dB) 33.54 33.06 34.04 31.37 26.94 21.83
SNR 2Z24k(dB) -19.27 —5.45 1.73 12.93 14.71 15.30
MSE 0.000078 0.000088 0.00007 0.000129 0.000358 0.001163
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Figure 1. Processing results of different denoising methods on a single Ricker wavelet. (a) Original signal; (b) Signal after
noise addition; (c) Result after KF denoising; (d) Result after PF denoising; (e) Result after KF-PF denoising; (f) Result after
EM-KF-PF denoising
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Figure 2. Denoising effects of different methods. (a) Signal processed by KF; (b) Signal processed by PF; (c) Signal processed
by the KF-PF method; (d) Signal processed by the EM-KF-PF method
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Table 2. Comparison of denoising metrics for different methods

% 2. TR EERIETH

Jii RMSE FHIR R EL PSNR (dB) SNR #3%(dB)
KF 0.105994 0.8976 16.58 1.96
PF 0.106128 0.8973 16.57 1.95
KF-PF 0.106060 0.8975 16.58 1.97
EM-KF-PF 0.106006 0.8976 16.58 1.94
7. &g
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JEF EM 5355 KE-PF IR R & 00 H G N R MRAESL . IURE £ BT a5 g T
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BUEAS T IEAE S AR DXk BE T B o KL T8 I (PF)FE Ak B A v 20 1 U SR T e 1) SR 1, (B 73R
WG KB R TH ERIRE, IR T ESERs RGP KN o

2) R A HS R DU W RS KF-PF G TEA NS T KF MRGES PF RGN, Bk
PEREIR T 80— DBk . R > TOMER T3, 23 BIFI A KF ARBAE 598 5 5 PF b
SR, NPT EMEBCRIR B 1A R AT

3) ShABENEG B TOREE S 4075 JE T U(E A A B A B 70 FO SRS, 7R A5 5 I B IX i 2 1
5 PF IS5, fEAMHIGE R MR, B iR 1755 P RBESR I S IEE S, NS 1 Lg% 1%
TG K IR BLR.
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