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Abstract Understanding the spatial distribution and configuration of submarine cables is of critical importance
for safeguarding national defense and supporting marine resource development. Acoustic sensing remains the
primary approach for submarine cable detection; however, the ever-growing volume of sonar imagery poses
severe challenges for manual interpretation, which is both time-consuming and prone to inconsistency. Here we
propose an automatic cable-target detection method based on a Convolutional Neural Network (CNN) that
enables end-to-end, rapid, and precise interpretation of large-scale sonar image datasets. Built upon a U-shaped

encoder-decoder architecture, the framework incorporates residual learning blocks and skip connections to
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systematically aggregate multi-scale feature representations. It further introduces dynamically generated index

functions that guide cross-scale resampling and feature fusion, allowing accurate and efficient identification of

all cable targets within input sonar imagery. To address the scarcity of labeled training samples, we develop a data-

simulation strategy capable of automatically generating a large corpus of realistic synthetic sonar images and their

corresponding cable annotations. Comprehensive quantitative comparisons with state-of-the-art image segmentation

networks demonstrate that our approach consistently achieves superior performance on both synthetic and real

datasets. The results confirm the method’s effectiveness in resolving the long-standing challenge of cable detection in

sonar imagery, offering a promising pathway toward intelligent and scalable subsea infrastructure monitoring.
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Fig. 1

(a) Schematic diagram of a synthetic aperture sonar (SAS) system (modified from Guo et al., 2021); (b) Side-scan

image acquired by a synthetic aperture sonar; (c) Potential pipeline-like targets identified in the sonar image
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Fig. 2 Workflow of the proposed method for generating synthetic sonar images and corresponding cable labels

(a) Random creation of lines using the slope equation; (b) Random perturbation of the lines along their normal directions; (c) Generation of cable target

annotations; (d) Creation of occlusion masks using randomly generated trigonometric functions; (e) Partial occlusion of cable targets;

(f) Addition of random noise to the image; (g) Sonar image acquired from real surveys; (h) Manually interpreted cable annotation;

(i) Synthetic sonar image; (j) Corresponding synthetic cable label.
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Fig. 3 The synthetic submarine sonar image (a) and corresponding cable annotation image (b)

automatically generated by the proposed workflow (Fig.2)
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Fig. 4 Architecture of the submarine cable target detection network
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Fig. 5 Residual learning module in the encoder branch
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Fig. 6 Adaptive dynamic indexing learning module
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Fig. 7 (a) Training and validation loss curves; (b) Adaptive learning rate variation curve
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Fig. 8 Representative results of the submarine cable detection network on the validation dataset

(a) Synthetic sonar image; (b) Network detection result; (c) Cable annotation image.
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Table 1 The performances of different network architectures on validation dataset
P22 R 25 A UNet RefineNet DeepLabv3 + Ours + MaxPool Ours + IndexNet
e 0.938 0.977 0.979 0.978 0.987
TG ERTE 0.762 0.920 0.937 0.916 0.940
IR 0.611 0.786 0.800 0.787 0.852
BAINECE I 1 0.908 0.962 0.965 0.963 0.976
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Table 2 The performances of different loss function
coefficients in validation dataset
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BEMBBEIFE 0955 0954 0976 0974  0.968
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Table 3 Performance of the network on sonar images with different along-track resolutions

FYAPEIZ R T (pixel) 480 x 576 416 x 576 352 % 576 288 x 576 224 % 576 160 x 576 96 x 576 32 % 576
BERE 0.987 0.987 0.986 0.987 0.980 0.979 0.964 0.939
SRR RN 0.939 0.936 0.928 0.913 0.890 0.890 0.820 0.608
RR SR 0.858 0.852 0.844 0.838 0.812 0.791 0.727 0.553
BRI SETT L 0.977 0.976 0.975 0.977 0.964 0.964 0.940 0.892
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Fig. 9 Performance of the submarine cable detection network on real sonar data

(a) Real sonar scan image; (b) Manually annotated cable targets; (c) Network detection result.
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