Fa4t ol XK owm T W ok % oE R Vol44 No.6
2025 4F 12 A JOURNAL OF TIANGONG UNIVERSITY December 2025

DOI:10.3969/j.issn.1671-024x.2025.06.011

BT EM-KErH MG SRERES
ik T B A

T EANED, ERES, B F ', DL, g2
(1 RET R BF5ERBTREERE, K 300387; 2. KT R KRBT CHEEN AR S KRG H N SLK
=, R 300387; 2. HE TR BRAF ST Be i AR BRI ST B bk ey B SR R M B S0 BR S, DUl 4R
621999)

W OE: ATRITRIG T B R R A o R A AT 9 A, 3k — AR T A R-K AT M A e R R G Lk, &
S R BARAN 22 W 24 5 3 S FEANFAZ B AR EFZAE S L B E M AR, KRG KA TR &AL
HAREZES THNAFEE, KRAHKRBAKX R, RLINEZ AR AWM ERMLXBEEZE R
BIAFAE T, A7 AL RER IR AH-10.-5.0.5.10 dB &4 T, F ix 0939 F iR £ 394 T i, 551
EFE 1.1 x10°.2.8x 10%.8.9 x 10°.3.1 x 10°.6.2 x 10° (kHz ), WA 3L E 2k E S M ERA I LB £ T

(CRLB)},
KR AR EZAE S MAME; AR-KERNILILM%; £35% F(CRLB)F
HE 52K S: TP183 XERFREARD: A XEHS: 1671-024X(2025)05-0082-09

Frequency estimation algorithm for noisy sinusoidal signals based on
convolutional long and short—term memory

WANG Di"?, DENG Xiaotao'?, TANG Longhuang’, SHI Jia'?, MA Heli’, NIU Pingjuan'?

(1. School of Electronic and Information Engineering, Tiangong University, Tianjin 300387, China; 2. Tianjin Key Labora-
tory of Optoelectronic Detection Technology and System, Tiangong University, Tianjin 300387, China; 3. National Key
Laboratory of Shock Wave and Detonation Physics, Institute of Fluid Physics of China Academy of Engineering Physics,
Mianyang 621999, Sichuan Province, China)

Abstract: For the problem that it is difficult to accurately estimate the frequency of sinusoidal waveforms at low signal-to—
noise ratios, a frequency estimation algorithm based on convolutional long and short—term memory network is
proposed. The method first uses the convolutional neural network layer to learn the local spatial representation of
the frequency—related information on the noisy sinusoidal signal, and then processes the temporal information in
the noisy sinusoidal signal through the long and short—term memory network to obtain the full long—term depen-
dence, and finally introduces the frequency-related key information focused by the attention mechanism to com-
plete the frequency estimation. The simulation results show that under the conditions of signal—to—noise ratios of
-10, -5, 0, 5, and 10 dB, the method’s mean square error (MSE) is better than one of the comparison algo-
rithm, and the normalized MSE reaches 1.1 x 1073, 2.8 x 10™*, 8.9 x 107, 3.1 x 107, and 6.2 x 10 (kHz)?,
respectively, and its performance approaches the Cramer—Rao lower bound (CRLB) for frequency estimation of
sinusoidal signals.
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Fig.1 Algorithmic flow of noisy sinusoidal signal estimation
based on convolutional long and short—term memory

networks
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Fig.2 Sine signal waveforms with different signal-to—noise
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Tab.3 Comparison of estimation errors between proposed

method and classical network methods
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Ik
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