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ABSTRACT: Passive sonar signals mainly contain both normal and abnormal signals. The abnormal signals
mixed with normal signals are primarily detected using an AutoEncoder (AE) that learns only normal signals.
However, existing AEs may perform inaccurate detection by reconstructing distorted normal signals from mixed
signal. To address these limitations, we propose an abnormal signal detection model based on a Recurrent Neural
Network (RNN) and vector quantization. The proposed model generates a codebook representing the learned
latent vectors and detects abnormal signals more accurately through the proposed search process of code vectors.
In experiments using publicly available underwater acoustic data, the AE and Variational AutoEncoder (VAE)
using the proposed method showed at least a 2.4 % improvement in the detection performance and at leasta 9.2 %
improvement in the extraction performance for abnormal signals than the existing models.
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Fig. 1. (Color available online) Procedure of model
training and codebook generation,
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Fig. 3. (Color available online) Spectrograms of normal,
abnormal and mixed signals. (a) Sail boat and active
sonar, (b) passenger and torpedo,

Table 1. Underwater acoustic dataset for experiments.

Train data Test data
Data type
(Normal) (Normal) (Mix)
Dredger 160 40 40
Fishing boat 160 40 40
Motor boat 160 40 40
Mussel boat 160 40 40
Ocean liner 160 40 40
Passanger 160 40 40
RORO ship 160 40 40
Sail boat 160 40 40
Total 1280 320 320
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book generation,

Detection model Train (s) | Codebook (s)
AE 1,350 -
Prediction models
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Proposed models
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Table 3. Average AUCs in % according to mixing ratio of abnormal signals to normal signals.

Prediction models

Interpolation models

Reconstruction models Proposed models

Mixing ratio
AE VAE AE VAE AE VAE AE VAE
0.2 75.5 75.4 76.6 752 74.1 722 78.6 81.4
0.4 80.0 79.8 81.6 80.4 783 78.0 83.5 86.5
0.6 83.6 83.3 84.8 84.1 84.4 83.2 86.4 88.6
0.8 89.1 88.7 89.4 86.9 87.7 86.5 88.3 89.0
1.0 90.4 89.5 91.2 90.1 90.1 88.7 89.5 90.2
Average 83.7 83.3 84.7 83.3 82.9 81.7 85.2 87.1
Table 4. Average mloUs in % according to mixing ratio of abnormal signals to normal signals,

Prediction models

Interpolation models

Reconstruction models Proposed models

Mixing ratio

AE VAE AE VAE AE VAE AE VAE

0.2 2.8 2.6 3.1 2.7 2.9 1.4 5.1 6.7

0.4 6.0 5.4 7.9 6.9 6.8 6.7 12.8 14.3

0.6 9.1 8.0 10.3 8.2 10.0 8.1 19.0 19.8

0.8 15.8 13.8 16.8 15.0 17.0 14.9 27.4 28.8

1.0 16.5 14.5 17.5 15.7 17.9 16.4 30.6 31.0
Average 10.0 8.8 11.1 9.7 10.9 9.5 18.9 20.1
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Fig. 5. (Color available online) Spectrograms of re—
constructed and extracted signals for sail boat and
active sonar, (a) Prediction model, (b) interpolation
model, (c) reconstruction model, (d) proposed model.
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Fig. 6. (Color available online) Spectrograms of re—
constructed and extracted signals for passenger
and torpedo. (a) Prediction model, (b) interpolation
model, (c) reconstruction model, (d) proposed model,
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Fig. 7. (Color available online) Spectrograms of (a)
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scores of (c) the existing models and (d) the
proposed models.
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