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ABSTRACT: This paper proposes a method to improve the performance of ship identification through lofargram
analysis of ship noise by applying the Hough Transform to a Convolutional Neural Network (CNN) model. When
processing the signals received by a passive sonar, the time-frequency domain representation known as lofargram
is generated. The machinery noise radiated by ships appears as tonal signals on the lofargram, and the class of the
ship can be specified by analyzing it. However, analyzing lofargram is a specialized and time-consuming task
performed by well-trained analysts. Additionally, the analysis for target identification is very challenging because
the lofargram also displays various background noises due to the characteristics of the underwater environment.
To address this issue, the Hough Transform is applied to the lofargram to add lines, thereby emphasizing the tonal
signals. As a result of identification using CNN models on both the original lofargrams and the lofargrams with
Hough transform, it is shown that the application of the Hough transform improves lofargram identification
performance, as indicated by increased accuracy and macro F1 scores for three different CNN models.
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Fig. 1. Underwater noise frequency from the target,m
(a) machinery noise (tonal signal), (b) propeller
noise (broadband signal), (c) composite signal of (a)
and (b).
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Table 1, Size of dataset.

Class Duration (s) I::l;il:i.lrlgsf
Cargo 17,835 59
Tanker 12,140 64
Passenger ship 15,391 70
Tug 16,866 32
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Table 2. Summary of dataset.

Class Train Test Total
Cargo 186 81 267
Tanker 124 54 178
Passenger ship 152 66 218
Tug 185 80 265
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Table 3. Architectures of 3 layers CNN model.

Layer Output Shape
Input - 3 %256 x 256
Channel: 32,
kernel size =3 x 3,
CNN Stride = 1, Padding =1, |32 x 128 x 128
activation = ReL.U,
2 x 2 Maxpooling.
Channel: 64,
kernel size =3 x 3,
CNN Stride =1, Padding=1, | 64 x 64 x 64
activation = ReLU,
2 x 2 Maxpooling.
Channel: 128,
kernel size =3 x 3,
CNN Stride =1, Padding =1, | 128 x 32 x 32
activation = ReLU,
2 x 2 Maxpooling.

Flatten - 1 x 131072
Fully-Connected |activation = ReLU. 512
Fully-Connected |activation = ReLU. 256
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Table 4. Experimental environment.

CPU Intel(R) Xeon(R) CPU @ 2.2 GHz
RAM 26 GB

GPU NVIDIA A100
Python 3.10.6.
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Fig. 9. (Color available online) Variation of training
loss with epochs,
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Table 5. Confusuion matrix for multi—class classifi—
cation,

Prediction
Class B | Class C | Class D

FP(B) | FP(C) | FP(D)

FN(A) | FN(A) | FN(A)

FP (A) FP(C) | FP(D)

R ClassB| £\ (g) FN(B) | FN(B)
catity Classc| FPA) | FP®)
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