% 8 5% 44 T HEFESKT A Vol. 8, No. 4
2025 % 8 A DIGITAL OCEAN & UNDERWATER WARFARE Aug., 2025

(3IAwX ] £, RER, SR, 5. 3T YOLOI2 R MK /N BArta ik 0], 8O- S5 /K T 3B, 2025,
8 (4): 417-423.

3T YOLO12 iy sk B H bsks il i 1

IEN, ZFAR, LEH, EF2
(FHXF HEAMNHAFERFER, LA F5 266071)

W E MEHIKTIEARAGRELRE, AEFRZREFe EXATHEE ., LHMEHNKTANE
PR Ay BT AR R R, AT IR R AT /N BARR A P M BT, kit — M T YOLO12 R EM
He il & % . AL 5N GhostNet 3, REWD MESH T 4; XRARERALEZTERALMN L, #ALREFER
Bk s A LAMP Ak A RFAME E oy e ah bt — b BB ANAE . AT/ E AR B G E AR
£REW . Prik 7 k7% DUO fr RUOD 2 Mde & b, #EEARRFFHWE B, LT YOLOL2 it & &-F 1K
54.34%, ¥R K /NFIHEAR 77.69%, 5B ET R 79.18%, % F =R B E W EH KL BT oI5 E MM,
BB ARILEIERTIREAEELART A DNRE B E B8ORS, EHREN TN E,

K YOLOI12; K T/MEARGI; BEMFLE; LAMP I

mESES  TP391.41 XEKARIRES A XERS 2096-5753(2025)04-0417-07

DOI  10.19838/j.issn.2096-5753.2025.04.005

A Lightweight Underwater Small Object Detection Method Based on YOLO12
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Abstract With the rapid development of autonomous underwater vehicle (AUV) technology, achieving
high-precision and real-time detection of small underwater objects on resource-constrained platforms has become an
urgent challenge. To address the performance bottlenecks of existing algorithms in underwater small object
detection, a lightweight object detection method based on YOLO12 is proposed. The GhostNet module is introduced
to significantly reduce parameter redundancy and a lightweight shared convolution detection head (LSCD) is
employed to enhance multi-scale feature extraction. The LAMP pruning algorithm is integrated to further compress
the model size while maintaining detection accuracy. Experimental results demonstrate that compared to YOLO12,
our method maintains competitive accuracy while achieving average reductions of 54.34% in FLOPs, 77.69% in
model size, and 79.18% in parameters across both DUO and RUOD datasets. The experimental results show a strong
robustness and deployment adaptability of the proposed method, effectively supporting the efficient recognition of
small-scale targets by AUV, and indicating great potential for practical engineering applications.
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