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ABSTRACT: We propose a passive sonar signal classification algorithm using Graph Neural Network (GNN).
The proposed algorithm segments spectrograms into image patches and represents graphs through connections
between adjacent image patches. Subsequently, Graph Convolutional Network (GCN) is trained using the
represented graphs to classify signals. In experiments with publicly available underwater acoustic data, the
proposed algorithm represents the line frequency features of spectrograms in graph form, achieving an impressive
classification accuracy of 92.50 %. This result demonstrates a 8.15 % higher classification accuracy compared to
conventional Convolutional Neural Network (CNN).
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Fig. 1. (Color available online) The graph classification
process using GCN with single layer.
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Fig. 2. (Color available online) Overview of the proposed graph representation algorithm with F=512,

F=128, T=128, r,=0.5 and K=2,
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Fig. 3. (Color available online) Method of generating
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Table 1. Procedure for generating the adjacency
matrix.

Input:
Node vectors: {hy, by, - by}
Number of connection for each node: A

Output:

Adjacency matrix: 4

1: Initialize A as an matrix of zeros
2: fori=1,2, ---, Ndo

3: Find A nearest node vectors
4 Update K indices: {f;, jp - jx}
5 fork=1,2, ---, Kdo
6: Set (i, j, )th element of A: a,; =1
7 end
8: end
di,j = [l A, _hj l 9 ®
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Fig. 4. (Color available online) Spectrograms according
to ship type and operating speed.

Table 2, Parameters and settings for data processing.

Audio data
Sampling rate 1.8 kHz
Signal length 4 sec
Window length 0.1 sec
Overlap ratio 93 %
Frequency interval 17.18 Hz
Input size 512 %512
Graph representation
Patch size (7 7) 128 x 128
Patch overlap ratio (r,) 0.5
Number of nodes (V) 49
Nearest Neighbors (A") 8
Frequency range [Hz] 2,250 Hz
Time range [s] 1 sec
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Table 3. Accuracy in %, number of parameters (#
parameters), training time, inference time and pre—
processing time for classification algorithms evaluated
by ShipsEar dataset.

Ship type GRU | CNN |ResNet-4| GCN

Motor boat 70.25 77.75 82.75 90.00
Mussel boat 89.25 89.50 90.50 89.50
Ocean liner 72.75 87.25 90.25 94.75
Passengers 75.25 78.75 85.50 93.75
RORO ship 84.00 88.50 91.25 94.50

Total accuracy

%) 783 84.35 88.05 92.50

# Parameters

6.5 145 25.6 45
(mega)

Training time

8.12 7.11 7.78 5.60
)

Inference time

0219 | 0036 | 0.117 | 0.017
()

Preprocessing

time (s) . ) ) 0.0t
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Table 4. Accuracy in % for readout methods evaluated
by ShipsEar dataset.
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