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Abstract: In complex ocean detection scenarios, due to environmental interference such as light scattering and suspended
object occlusion, existing target detection algorithms have the characteristics of low detection accuracy, false monitoring and
missed detection, as well as deployment conflicts between the large number of model parameters and the limited computing
power of underwater exploration equipment. To address this issue, a lightweight underwater target detection algorithm
based on improved YOLOvS8s is proposed, which improves the backbone network of YOLOvS8s. An improved C2f module
D2F is designed, which enhances the ability of the model to characterize the deformed target; The asymptotic feature pyra-
mid network AFPN is replaced as the original neck network, which effectively fuses multiscale features through the cross-
layer direct interaction and adaptive spatial fusion, achieving the semantic differences and information conflicts in the feature
fusion of non-neighboring layers; To enhance the detection speed of the model. the PConv novel convolution method in the
FasterNet is introduced, and the C2{-Faster module is constructed to reduce the complexity of the model. The model that in-
tegrates the D2F, AFPN and C2f-Faster modules is named after DAF-YOLO, and Experimental tests show that the accura-

cy of this model on the URPC2020 dataset is improved by 3. 9%, the number of parameters and the computation amount are
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reduced by 10. 52% and 10. 91%, respectively, with a detection speed of 115. 6 frames per second, which further achieves a

balance between the algorithm's accuracy and speed.
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B R R R, RAE C2f-Faster B4 (5] A W]
eSS HOR E T M. B8 AFPN Fl D2F #  i0 wg iF
AR I — 5T TSR
3.4 S5HMBHREMNE XX

EE MK FHEE . DAF-YOLO [ K5 B Fn
BERAER L., TP, RO S
JURPFZFAK T B ARk il 502 647 T L8, {1 4F Faster
RCNN, YOLOvSm™, YOLOv7-tiny, YOLOvSs,
YOLOvImM™' | YOLOv1IOm™ #1 EnYOLO™', [t % 4%
FF 2 fF/R . Faster-RCNN 75 K I 7 5 1 77 60 77 78 =)
FRAPE. Hy T s Wi i /N B 7E IR BIAS [R] i)
Yo LI IR e MR 2, X RE S S EUR IS . 1Y
NSRBI % . YOLOv7-tiny 5 DAF-YOLO # ks i
BEEE M, (HAE I AS B 7 ', DAF-YOLO A # T H
mAP FT 7%, tbsh. DAF-YOLO 7& & I K B il i
BE 97 1 #FEF YOLOvSm #1 YOLOvV9m, mAP #f % F
CAT BRI 7.6 % F 3. 7% . B AR DAF-YOLO K& %
WX, WEMIFE W R, HIH 115, 6 FPS 1l #
FEAT BE W A2 S I A 0 1) oK, HOMERRME B W] Bl T b
RBAL, 7E R 2 MBS T R AR . B
Ah s BCHE S SR T A R I R RORE B L TR iR
YOLOv8s, Rl BEH#EE T 40.97%, mAP##F T 3.9%,
SR/ T 10.52%, GFLOPs /> 7 10.91%, A4
YOLOv10m 1 EnYOLO ByE4E /K T B #5 ki B 5 5
kG B, H ORI g, ST, AEAK TR
FEBE . MLZ T . AU A % DAF-YOLO 7E £
3B P R0 v o M R A AR T AT IR AL, R AR K
T B BRI g I AR R R R

2 AR H BRI

Model FPS | Params/M | FLOPs/G |mAP/%

Faster-RCNN | 36.52 136.77 368. 25 57.9
YOLOv5m 78 21.2 49.0 78.5
YOLOv7-tiny 120 6.01 13.25 79.1
YOLOv8s 82 11.12 28.4 82.2
YOLOv9m 72 20.0 76. 3 82.4
YOLOv10m 79 15.4 59.1 83.5
EnYOLO 97.2 20. 88 20. 0 82.6
DAF-YOLO 115.6 9.95 25.3 86. 1

9 T VE WM PE 4 DAF-YOLO B98I 2 58, 6411
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Model mAP/ % FPS
8GR €T 86.1 115.6
ok 84.3 112.4
(5 83.9 113.0
VR K BT 83.5 110. 2
H i 05 4 83.2 109. 8

TEEE R LW, DAF-YOLO 78 #) i K T ¥ 855 v e
BRI P R M Sl . TER IR AT . 0k
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W sh/NF 3 i, A9 25 T 2 RO i 0 LI G 25 38 G (5 S
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