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Abstract ; Autonomous underwater vehicles (AUVs) equipped with visual detection systems are capable to detect underwater artifacts,
which is of great significance to deep-sea archaeology. Underwater cultural artifacts are situated within a dynamic and intricate
environment, where the target objects are often fragmented, layered and concealed under sediment. These conditions pose significant
challenges to the effective extraction of discernible features, thereby impeding the capability of AUV for reliable and accurate detection of
underwater artifacts. In order to solve these problems, this paper proposes an underwater cultural artifact detection algorithm based on
the deformable deep aggregation network model. To fully extract the target feature information of underwater cultural artifact in complex
environments, this paper designs a multi-scale deep aggregation network with deformable convolutional layers. Besides, the SimAM
attention module is designed for the feature optimization, which enhances the potential feature information of cultural artifact target and
weakens the background interference information simultaneously. Finally, the prediction of cultural artifact is achieved through fusing
feature at different scales. The proposed algorithm has been extensively validated and analyzed on the collected underwater artifact

datasets, and the precision, recall, and mAP of algorithm are 92.7% , 90.5% , and 92.2% , respectively. Additionally, the proposed

Wik H 9. 2023-09-01 Received Date; 2023-09-01
w FL T H L oh E B 232 by X A4 VE B A H (173321KYSB20200002 ) | [E 58 1 48 Bl 25 5L 4 (62273332) o [E B 22 B T AR QLT A 4 4
(2022201) )" ZR 48 FER -5 I FEREAFFT 764 (2023A1515011363 ) T H ¥E BY



186 f# £ ¥

a4t

algorithm has been deployed to the AUV system, specifically the artifact detection frame rate of visual detection system reaches 19 fps in

the actual deep-sea test scenario and this can satisfy the real-time detection task.

Keywords : autonomous underwater vehicle; underwater target detection; deformable convolution; multi-scale deep lager aggregation;

attention mechanism
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Fig. 1 AUV underwater visual detection system
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Fig. 2 Algorithm framework
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Fig.3 Deformable convolution module
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Fig.4 MDLA-DCN network
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Fig. 6 Feature fusion network
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Fig. 8 Detection effect of different algorithms
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Table 1 Performance comparison of different algorithms
%

Bk bR A Il % F1 mAP
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ROIMIX 3] 89.3 88.2 88. 8 90. 1
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A 92.7 90. 5 91.5 9.2
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Table 2 Ablation experiment %
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Table 3 Main parameters of the AUV

S8 Hfe
IRRAEAE TR B 1000 m
SRS 2 kn(kn=~0.514 m/s)
RO 5 kn
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Fig. 10 Test results of AUV underwater visual detection system
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Table 4 Inference performance of different algorithms
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