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Abstract: Water refraction, scattering, and uneven illumination blur target textures. Aquatic organisms
are mostly small, camouflaged, and dense. Resource-constrained underwater platforms demand light-
weight, real-time models. These factors collectively exacerbate the difficulty of underwater object detec-
tion. Therefore, this paper proposed an improved YOLOv8n model based on single-head self-attention
and frequency-domain &. spatial-domain fusion, named YOLOv8n-SD. First, a backbone network en-
hanced by local-global feature fusion was designed. It used a single-head self-attention mechanism com-
bined with dynamic channel ratio division to efficiently acquire long-range global information from partial

channels, and further fused local detail information of efficient feature extraction blocks to realize comple-
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mentary enhancement of local and global features. Second, a neck network with efficient frequency-do-
main and spatial-domain fusion was constructed, and a downsampling module using Haar wavelet trans-
form and space-to-depth transform was designed to fuse important high-frequency and spatial information
of shallow high-resolution features. At the same time, a fast normalized weighting strategy was adopted to
dynamically optimize the efficiency of multi-scale feature fusion. On the public underwater datasets UR-
PC2020 and RUOD, the mAP, ., and mAP,, metrics of YOLOv8n-SD reach 51.2%, 85.7% and
50.6%, 85.0% respectively. Meanwhile, compared with the baseline, the number of parameters is re-
duced by 42. 3% and the computational load is decreased by 17. 2% . Comparative experiments further ver-
ify that the proposed model exhibits good detection accuracy and robustness in various complex underwater
scenarios.

Key words: underwater object detection; self-attention mechanism; Haar wavelet transform; small ob-

ject detection
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Fig.1 Overall structure of the YOLOv8n-SD model
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Fig.3 Structure of the frequency-spatial information fusion downsampling module
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Fig.4 Comparative experiments of the efficient feature

aggregation module in the backbone network on

the URPC2020 dataset
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Tab.1 Comparative experiments of neck modules on URPC2020 dataset
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Tab.2 Ablation Experiments on the URPC2020 Dataset
Jri B4 SR R AR R A S v A v URPC2020
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HETML% B 5 N 2% mAP, 5.0/ %0 mAP,/%
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Fig. 5 Grad-CAM visualization of models on the URPC2020 dataset



43

AR A5 Sk VR AR -2 S 1K T H A A 681

5 o 3R DL AR SO VA BE A A MR AR RS
WP HAREE K TR
3.5 AREEEXLE W

R B8 E AR SC O R KR R R I A R 1 B
25 B A P BE A Faster-RCNN' , DETR-DC5,
SSD™', PANet™ ; £ 3t YOLO £ 1] & I 455 54
YOLOv3tiny™ , YOLOv5n™ , YOLOvS8n/s/m,
YOLOv10n™, YOLOv1In™; P Jz HAth YOLO
kB CEH-YOLO™ , YOLOVS-LA"™ i 47 %
P S AR S i B 5 R B R 4 — B

K 6 & 7 T URPC2020 %48 4 | 4% 45 #1 (1)
m AP, Il 25 i1 25, v] B0 5 BA [R5 R A 1] 2l
B2, EINGRR/NT 500, A 3007
2 YOLOv8n-SD A5 A i S0 B 4t o 24111 ke
WK T 150 BF, YOLOvSn-SD #% 5L 48 45 # YO -
LOv8n ) mAP, & 1.5%~2.1%. 4 YO-
LOv8n-SD ¢ Y S, e m AP, #38 F KA
R A YOLOv8m il YOLOVSs, ¥ 25 B iF T 4
SO R

XS 25 g 3R . Al Lk — 2

90
+
851 #--c==-=f————s
80 1
751
™70
< —e— YOLOV8n-SD - YOLOvlIn
€654 4~ YOLOVS8n Faster-RCNN
=~ YOLOy8s * DETR-DC5
60 1 +%~ YOLOV8m +-SSD
55 ] L YOLOv3tiny PANet
«- YOLOvV5n ~e-YOLOVS-LA
f YOLOv10n «- CEH-YOLO
504 i
0 50 100 150 200 250

Training round/Epochs

6 URPC2020 Hdife BRI mAP, Yl Zhith 2% HolA]
Fig. 6 Comparison of mAP;, training curves of different
models on URPC2020 dataset

AT i UL 2% A [] 5 80 72 URPC2020 Fl RUOD B iF
£ b B R INORE BE SR A b o R [ A 22
5o ASCHF 1 YOLOVSn-SD 78 # 1 g i Rl vh 36
B o, URPC2020 %1 4 % I mAP, ..o
mAP;, 73 5l ik B 51. 2% #185. 7%, 1 RUOD %¢
4 mAP, .. F1 mAP;, 43 5 A 50. 6% Al
85.0% .

&3 FEURPC2020F1 RUOD #iiE & £ MR R KBS b 050
Tab.3 Comparative experiments of different models on URPC2020 and RUOD datasets

WRZS URPC2020 RUOD GFLOPs Param/M  FPS
MAP, .00/ %  mAP,/%  mAP,.../%  mAP,/%
Faster-RCNN 39. 2 74.6 38.4 70. 4 369. 8 136.73 60
DETR-DC5 45.7 83.4 44.6 79.2 225.0 60. 22 58
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YOLOvV8n-SD(A ) 51.2 85.7 50. 6 85.0 6.7 1.73 198
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Fig.7 Detection result comparison of different methods on RUOD dataset
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