-
o0
o
ok
ot
o
o
XL{
r—lu

A A31E A4Z, 20263 72 (JBE Vol.31, Nod, July 2026)

YHk= (Regular Paper)

W2 83| =8 A A31E A4E, 20269 7€ (JBE Vol.31, No4, July 2026)
https://doi.org/10.5909/JBE.2026.31.4.782

ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

A7) A% FAL o8 2E a1 HolE AR AT EA

SEA}

718 29 7 8 2 o] o 2, 7 g A

Enhancing Time - Frequency Characteristics in Passive Sonar Data
Generation via Self-Conditioned Diffusion
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Abstract

Passive sonar data are important underwater acoustic signals used to analyze the location and characteristics of targets in marine
environments. Recently, deep learning - based methods have been widely applied, but collecting sufficiently diverse data is limited by
time and cost. This limitation can degrade model generalization. Data generation approaches have emerged as a promising solution,
but research on 1D passive sonar signal generation remains limited. In this paper, we propose a self-conditioned diffusion model for
passive sonar data generation. The proposed method uses signals estimated at previous steps as conditions. This improves the
consistency and stability of the generation process and effectively reflects time - frequency characteristics. The model progressively
refines the signal structure to produce more realistic data. Experimental results show that the proposed method better preserves the
time - frequency representations of generated sonar signals and achieves improved generation quality compared to existing methods.

Keyword : Data generation, Diffusion model, Self-condition, Sonar

Copyright © 2026 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”



AEF 9 39 A) ZAY S 01§ SE aub volE 449 A

T BEA A 783

(Yongrok Kim et al.: Enhancing Time - Frequency Characteristics in Passive Sonar Data Generation via Self-Conditioned Diffusion)
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Fig. 1. Example of 1D sonar signal and its non-invertible time - frequency representations (DEMON, LOFAR)
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Table 2. Comparison of line detection results for LOFAR and DEMON

LOFAR DEMON
Method Number | Length Nllj)n:f? et LeDr;glth Number | Length N%Tf? et LeDr;#.th
Original Signal 22.9 451 - - 6.2 62.0 - -

TAD 34 22.5 19.5 22.7 0.9 22.8 5.3 39.2
DiffwWave 16.1 30.2 6.9 14.9 5.9 51.6 0.3 10.4
DiffWave + STFF 19.9 454 3.0 0.2 6.1 51.9 0.1 10.1
DiffWave + STFF + SL | 21.6 49.4 1.3 4.3 6.1 52.8 0.1 9.2
DiffAR 154 33.6 7.6 11.6 6.3 51.5 0.2 10.5
DiffAR + STFF 17.3 34.8 5.7 10.3 6.1 51.7 0.0 10.3
DiffAR + STFF + SL 19.0 33.6 3.9 11.5 6.0 52.4 0.1 9.6
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