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MEC-YOLOv11n:Detection algorithm for floating objects of
small targets on the water surface
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Abstract: To address the accuracy and robustness issues of small floating object detection on water surfaces under
complex scenarios such as wave disturbances, changes in lighting, and partial occlusion by floating debris, the MEC-
YOLOvlln algorithm is proposed. The MEC-YOLOvl1ln algorithm consists of three parts: Backbone, Neck and
Head. To increase the recognition area of the target receptive field, we designed the MSWTC structure and improved
the C3k2 structure in the Neck part, which significantly enhances the extraction ability of small floating objects on
water surfaces, thus strengthens the model’s ability to capture details in complex backgrounds; next, we proposed a
EUCB up-sampling method, replacing the traditional up-sampling module in v11, which enhances the clarity of image
edges during up-sampling, making the object contours more accurate in high-resolution feature maps, especially when
dealing with complex backgrounds and small target detection tasks, which significantly improves the model’s ability to
capture details; finally, we designed an attention module CCA specifically for recognizing edge features before the
Head, further optimizing the model’s performance in edge information extraction. Experimental results show that after
optimization, the precision P of the model has increased by 3. 3%, the recall R has increased by 2. 4% , the mAP50 has
increased by 2.5%, and the mAP50-95 has increased by 1. 5%.
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Table 1 C3k2MSWTC ablation experiment

wt_levels groups mAP50 mAP50-95 Params(il)
1 4 0. 816 0. 396 2526 139
2 4 0. 822 0. 394 2531 259
3 4 0. 822 0. 393 2 536 379
1 8 0. 824 0.393 2 522 235
2 8 0. 821 0.401 2 527 355
3 8 0. 816 0. 387 2532 475
1 16 0. 800 0. 385 2 521 243
2 16 0. 819 0.393 2 526 363
3 16 0.798 0. 386 2 531 483

25 5 0 A A () S 46 C R 8 — LA b R R A R P —
L BT E AT X R RE R BAR TTRR . SRR AR R 2
I VEA R 7R T A A W R AR T ) ARG T E Y L A T
k38 G — RPN R Hr AE R R W R BRI 5T A A
OB T TR Y PR RE L LA AR ) f) 4145 7R 22 A D T B
T ORI

x2 HEXWERIL
Table 2 Comparison of ablation experiment results

Model P R mAP50 mAP50-95
YOLOvlln 0. 82 0.751 0.812 0. 384
C3k2ZMSWTC 0. 863 0. 748 0. 824 0.393
EUCB 0. 845 0.757 0. 819 0.394
CCA 0. 836 0. 755 0. 822 0. 387
C3k2MSWTC + EUCB 0. 868 0.743 0. 812 0. 396
C3k2MSWTC + CCA 0. 858 0.759 0. 836 0.394
EUCB + CCA 0. 841 0.767 0.823 0. 387
C3k2MSWTC + EUCB + CCA(our) 0. 853 0.775 0. 837 0.399

HRT B ] MSWTC L EUCB #l CCA i3k
I, Y4 68 08tk 25 448 S A5S80I BE T L S8 IE T A B B A
FEEAE S Y A RO W AE S5 C3keMSWTC + EUCB
W, BAR mAP5S0 KR E R = B mAP50-95 M AR L
IR T 1 2%, X % I %R B 7E 32 AL X R [ ToU
(intersection over union) FJ{E F H 546 I it & 8= 1 J7 i &
BT EBAE R ¥ C3k2MSWTCH CCA 55 He 45 & ff F I,
mAP50 27+ 7 2. 4% ,mAP50-95 427+ 7 1. 0% . i A &1k
Ak T BRI A 2 IR AR I R BRI R A R AR T 18 G R T
HE—2 BT T B A 3 S AN R 0 R D RS B R L 58
EUCB+CCA B 45 & 1 5L 5, mAP50 27+ T 1.1,
mAP50-95 #£F+ T 0.3%, X — 45 R £, L5 EUCB+
CCA REtE 78 52 FHAL R X /1N B A5 70 30 2% R 1E 1 46 D0 AS B2
T HA B E R R R ER ToU B T . A % 1 55 45 R
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Table 3 Comparison of test results

RS p R mAP50  mAP50-95
YOLOv3-tiny  0.807  0.579 0. 689 0.33
YOLOv5n 0.846  0.748 0.812 0. 39
YOLOv6n 0.838  0.747 0. 805 0. 389
YOLOv8n 0.855  0.752 0. 821 0. 383
YOLOvV9-tiny 0. 831 0.76 0. 818 0.393
YOLOv10n 0.852  0.752 0. 815 0. 375
YOLOvlln 0.82 0.751 0.812 0. 384
RT-DETR-R18 0.818 0.772 0. 828 0.377
A 0.853  0.775  0.837 0. 399

BRAE 86 2 P LLAM, A SCHR By 85 M 7F 4 |l & R,
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2.3% 2. 4% H 0. 3% » F= W FRATT A4 4L 1 A a0 s Ay T L
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Comparison results of heat maps of different algorithms and original images
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