$23% 8 AXFZBEZEBFEEER Vol.23, No.8
2025 4 8 H Journal of Terahertz Science and Electronic Information Technology Aug., 2025

XEHE: 2095-4980(2025)08-0855-08

E T 2t DnCNN By & 3 i o 5 ik i i Bl iR g SR &
T o¥E, R B, KEZX, REE
(FEBCR2 B F R 2ERE, $idk R 430072)

W OE. MR FAHFSWR) IR AN B#AENELLE L, €440 T, B LHs
HEEEARENNGEF 2T EY MR ER RN EHE, VBRI, AXRE — &t w
Wi £ & AR 4 2 W& (DnCNN)# 4 HFSWR B EH 5 i F, RIEHFSWR B F EH K E 5
Bk R R, NEBR B (patch)y kKA ERE AN WEREEF TR B DnCNNH#H AT B %, #
HiE A HFSWR £% £ 4, LT HFSWR ER 23 4 K T @4 10 000 3 I % - % & ¥ (RD) % &y 3 48
B, FHETHXN 2 N INEEFRNKE, SN REFIARDE(L A UELK. FATHAELH
BRRANFEGE VN EEERSMEYN, KA DnCNNEAAR FWH A RERGEERBEFTE
TRyt a ¥ B EM THEAADCNN, Wb, FXEANMRENRITERE &, K DnCNN x %35
AR W P4 44.13 dB, B 2 % T & % DnCNN # 35.58 dB. % L frik, % 3 DnCNN ZE 4
S HFSWREHF E R G AW AR RTHEF T MR BN ESHEME.

KR BAHNEL; BFEENR; ERSLEHE,; £REERE,; %

FESES: TN958.93 XEKFRERD: A DOI: 10.11805/TKYDA2024031

Denoising method of High—Frequency Surface Wave Radar ocean echo

spectrum based on improved DnCNN

WANG Ting, ZHAO Chen, CHEN Zezong, WU Sitao
(School of Electronic Information, Wuhan University, Wuhan Hubei 430072, China)

Abstract: The electromagnetic environment of the working frequency band of High-Frequency
Surface Wave Radar(HFSWR) is extremely complex. Noise, including radio frequency interference, sea
clutter, and ionospheric clutter, can severely affect the accuracy of ship target identification. To address
this issue, an improved feedforward Denoising Convolutional Neural Network(DnCNN) is proposed to
suppress the noise in HFSWR marine echo signals. Based on the characteristics of the noise in HFSWR
marine echo signals, the original DnCNN is modified in terms of patch size, convolutional kernel size,
and network depth to make it suitable for the HFSWR denoising task. A dataset containing 10 000 pairs
of Range—-Doppler(RD) spectra is generated based on HFSWR sea trial data and is evenly divided into
training and testing sets. Analysis of the denoising results of three groups of RD spectra in the testing set
(with sea clutter, radio frequency interference, and ionospheric clutter as the main noise sources,
respectively) shows that the improved DnCNN model significantly outperforms the original DnCNN in
both noise suppression and maintaining the amplitude of ship target signals. Moreover,statistical results
of the entire testing set indicate that the Peak Signal-to—Noise Ratio(PSNR) of the improved DnCNN
denoising metric is 44.13 dB on average, which is significantly higher than the 35.58 dB of the
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original DnCNN. In summary, the improved DnCNN effectively suppresses the noise in HFSWR marine
echoes while well preserving the amplitude of ship target signals.
Keywords: High—Frequency Surface Wave Radar(HFSWR); sea—echo; Range-Doppler spectrum;

Convolutional Neural Networks; denoising
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Fig.4 Result of sea clutter suppression
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Fig.6 Result of ionospheric clutter suppression
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