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YOLO11-MDA based multi-scale target detection method for
underwater trash

Zhao Xuefeng Ren Yi Zhong Zhaoman Zhong Xiaomin

(School of Computer Engineering, Jiangsu Ocean University, Lianyungang 222005, China)

Abstract: Underwater litter detection is a crucial technology for maintaining the balance of underwater ecosystems. To
address the challenge of significant variations in target scales encountered in underwater litter detection, we propose the
YOLO11-MDA based on YOLOT11 is proposed. Firstly, a multidomain feature extraction module MFEM is proposed.,
which is capable of extracting different scales of features from the input feature map by extracting the target features in
both spatial and frequency domains, and enhances the ability of expression of the global features and local information.
Second, the lightweight dynamic up-sampling DySample module is introduced to integrate contextual information and
improve the quality and efficiency of up-sampling. Finally, the adaptive threshold focused classification loss ATFL is
introduced to reduce the impact of the uneven distribution of multi-scale samples on the detection results and improve
the detection accuracy of multi-scale targets. The experimental results show that compared with the baseline model,
the mAP of YOLO11-MDA in TrashCan dataset and Trash_ICRA19 dataset reaches 91.4% and 97% respectively,
which is an enhancement of 3.1% and 10.7% . and the FPS reaches the detection speed of 354.3 fps, which fully
demonstrates that the overall performance of the improved model outperforms that of other algorithms, and it can
provide an effective method for the automated monitoring of underwater environments.

Keywords: underwater trash; multi-scale target detection; YOLO11; multi-branch convolution
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S ) e a2 A TR AT X B S L A S A R T T A Bk 4

TR SEERE RAE 2 B, 5 H AR H, AR SO IR AR
o 00 o At TR T AR A HE P A KT B AR R R
BT e mAP, 2 B35 F 91.4% A 97% . YOLOI11-
MDA #8715 5 2R A8 AR LU, A RS FE4R T T 4. 9%, H %
&7 0.5 GFLOPs, [f B FPS 4 T /i 5., 5 [\ 2 & iy
YOLOv5,.YOLOvS, YOLOv10 %5455 5 A5 [L , 46 0 ks B A
HERERSE., SEFUEHERN YOLOVS-GST M L, 1E 5 5
B AH R B 3 55 T . YOLO11-MDA ¥ mAP 1 FPS B %
BEMLH, A KRR, YOLOII-MDA 27K T & % 4
KGR 55 h R IR AE BT,

J9 7 HWIEAE YOLO11-MDA 17K F S5 5546 A 45
O RE SR T TRATTREDL PR E T 4 3K A, Al AR A
R ZE 3 S ] b AR I &5 1 L TR A A AR S TR A
EANERER I B 237 NS R o4l Tl Ry e I O A A
Bk 3 i,

F3PERF A BRTKTZRE BRI LR, H
FALEE 6 AR 2 A B DL & 6 AN/ RO KR 28K
HAs; B R B B/R T KT ASE 285 B AR i g5 5, o
A2 AR RO 4 A A2 G B3 B R C R TSR]
ROERAS R 2800 f R 25 38, 2% 14 rov 850,14
plastic 55 .1 4> bio &5, 43 5 RIBE B bR /N RUE B #5
VLR RUBE B B R D 3 A Bl 4 o9 09 7K T 7 3000 4
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Table 2 Comparative expeiments

TR R P R mAP GFLOPs FPS
Faster R-CNN 0. 627 0. 843 0.818 104. 4 34.4

YOLOv5 0. 840 0. 764 0. 819 7.1 337.3

YOLOvS 0.841 0. 817 0. 880 8.1 334.2

TrashCan YOLOvI10 0. 792 0. 787 0. 853 8.3 323. 4
YOLO11 0. 864 0. 767 0. 883 6.3 320. 6

YOLOv8-GST 0.873 0. 745 0. 846 4.9 332.7

RT-DETR 0. 834 0. 790 0. 855 103. 9 51.2

AT 0.913 0. 854 0.914 5.8 354.3

Faster R-CNN 0. 767 0. 874 0. 839 104. 4 19. 8

YOLOv5 0.916 0. 933 0. 959 7.1 362.5

YOLOvS 0.811 0. 904 0. 917 8.1 345. 8

Trash ICRALS YOLOvI10 0. 880 0. 905 0. 943 8.3 358.5
YOLO11 0.718 0.911 0. 863 6.3 362.4

YOLOv8-GST 0. 898 0. 841 0.911 4.9 364. 7

R-DETR 0. 807 0. 924 0. 937 103. 9 51.4

AT 0.923 0.951 0.970 5.8 372.7

R3 TEERBHFEEMBRT L

Table 3 Comparison of different models for object detection

LA

JR

Faster R-CNN

YOLOv5

YOLOvS

YOLOv10
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Table 3 (continued)
HE Y
YOLO11
YOLOv8-GST
RT-DERT
ARILTT

M2 AAE 3 ALK B, S£NBRERR AB.CFD
LR R Rk 3 s, WRIEE R A BRI R,
Faster R-CNN [ #2038 f 25 AU — AN 30 FAE 5 (1 BT 45
K FBM ., YOLOVS-GST X 7K F £ )R 4y 3% 46 ) 45 51 4
EZACE G H 3 A KRB HAR., YOLOvS, YOLOv10,
YOLO11 B4 (A Tk A5 . YOLOvS,RT-
DETR 5 YOLO11-MDA G % #E & £ I i AS 7] ROBE i) 7K
F.H YOLO11I-MDA W & {5 & m. H ik, YOLO11-
MDA 7 2 RJE Hr A . WIEE A B A 45
L, YOLOvV5, YOLOvV8, YOLO11, YOLOv8-GST fE/K F
ANFZE BRI b Fe B 25, R 2 A SRR 7 3 20
52 AHA B B 250, RT-DERT 2 M & 1T, H ¥4 50
SR H Al b e AP AE IR LS. YOLO11-MDA %
RBH A 28], BIEE R C BRI 45 R, Faster R-CNN
Xt 22 R 22 28 5 i R 5 R B 25 B rov IR IRUAIN plastic,
FHWs timestamp R IH] A rubber, IR KK H . YOLO11 fl
YOLOvS-GST 4 8 s £, =& e 1 3 50 b A4 9 28 G,
YOLOv5 5§ YOLOv8 R ILBLAF A0 3L T & & A T A9 (7]
B, RT-DERT 54T R MBS R . 4EE A D
Kl 25 5, YOLOvV10 . RT-DERT 345 2%, & G 46 I 1 fir
£ 2% 9], Faster R-CNN, YOLOv5, YOLOvS, YOLOvS-
GST.YOLO11 . ¥ 3K &5 e 4 0 42, T A SC 5 ¥k A il 3%
SR, T AR Iz AL RE . £ R R OL T I A I 45
R ,YOLO11-MDA 28 2 REE 228500 W 7K T 7 3% A I &%

4 5 it

BEXT AR Bz S5 T v 22 RUBE B b 3 B0 a6 I 28028 22
1L 42 1 YOLO11-MDA H #5615 3% . i@ i — &R 51
UL T HA R SR KWL YOLOL1-MDA 1
KR B HHE 4 TrashCan Fl Trash_ICRA19 -6 1 A
AR T A 2 R 5 2228 551 F AR A I L0 B R BRI 5+ .
R MFEM #5 8, $2 5 X 2 RUE H b5 (19 F:1E 2 B RE 77 .
BABLE R ] DySample b RAER T, 8 58 K N S 3% 1915
SCIE BHVRFAE RAB B8 J0, 48 H AR A I /Y & B . R
ATFL 45 5% B A, B AROK R B 3040 A A B 45, i — 20 4R
Kol fEdf B2 . 7€ TrashCan U3 H Al Trash _ICRA19 s
B LT T R BRSSO T HALBL R EAT T X . AR
7 5 2 B ASE R A7 7 T3 52 2% BE 58 1 [ A, R R R BF 52 T
DAL SR 47 59 A ol JH A 355 A6 00K B2 A4 (] e 52 PR 2 o
s AT B3 5 7K 7 3G I 1 S B oz
5% 3k
[1] PRAVED P H, NEETHU K V. NANDAN S B,
et al. Multidimensional risk assessment of marine
litter pollution in the ecologically fragile coral atolls of
india [ J]. Journal of Environmental Management,
2025, 376:124578.

[2] FERREIRA N, PIRODDI C, SERPETTI N, et al.

+ 199 -



949 % v 7o ¥ o3 A
Potential risk of macro-plastic on the megafauna of 61(11).272-283.
two semi-enclosed European seas[]J]. Marine Pollution FU J SH, TIAN Y. Underwater target detection
Bulletin, 2025, 213:117683. using multi-information residual fusion and multi-scale

[3] RUPASINGHE H P A, PERERA 1 J J U N, feature expression [ J]. Computer Engineering and
SANDARUWAN R D C, et al. Coastal beach Applications, 2025, 61(11):272-283.
ecosystems contaminated by marine litter: Impact on [12] HUANG ] H, FANG CH., ZHENG X G, et al.
coastal biodiversity, tourism, and environmental YOLOv8-UC. An improved YOLOvS8-based
sustainability [ J ]. Environmental Pollution, 2025, underwater object detection algorithm [ J]. IEEE
372:126006. Access, 2024, 12:172186-172195.

[4] GIRSHICK R. DONAHUE J. DARRELL T. et al. [13] skBife, BAEeFE, R4, 5. &7 UMS-YOLO v7 1y
Rich feature hierarchies for accurate object detection AT [r) B AR AN P9 A i K A 22 ROBE H AR il gy i ] .
and semantic segmentation[ C]. 2014 IEEE Conference MBI 4R . 2025, 56(1):388-396, 409,
on Computer Vision and Pattern Recognition, 2014 ZHANG M H, HUANG ] P, SONG W, et al. Multi-
580-587. scale object detection method for underwater

[5] SHENG W SH, YU X F, LIN J Y, et al. Faster organisms under unbalanced samples based on UMS-
RCNN target detection algorithm integrating CBAM YOLO v7[J]. Transactions of the Chinese Society for
and FPN[]J]. Applied Sciences, 2023, 13(12): 6913. Agricultural Machinery, 2025, 56(1):388-396, 409.

(6] P, P4, REdL. & H T X o vl m (141 EBW. . RSS2 RERFIEME KT Bir

AR P H A A W Bk [T RN TR, 2024, Rl gk [T ], 3F 5 0L T8 5 . 2025, 61(18):
50(10): 313-321. 209-217.
LUOC, LIKY, WU J H, et al. Underwater occlusion WANG SH P, LI F. Underwater object detection
target detection algorithm based on adversarial attention algorithm with anti-aliasing and multi-scale feature
mechanism[ ] ]. Computer Engineering, 2024, 50(10): fusion[ J ]. Computer Engineering and Applications,
313-321. 2025, 61(18):209-217.

(7] T, SRS, Focus Meta RONN.K R B8 /hHEA  [15] B ifE, W22, Bt YOLOvSn By 2 RUE LK T

H ARG 5735 (0], TSR L TR 5 i A, 2025, 61(18) . Bl b 0 (7], 7 00 4 5 4% 27 4l . 2025.39 (4)
231-240. 141-151.
WANG K, SHAO CH ZH. Focus meta R-CNN: Few- MIAO L H., TIAN Y. Improved YOLOv8n multi-
shot object detection algorithm for underwater debris[J]. scale and lightweight underwater target detection[]].
Computer Engineering and Applications, 2025, 61(18): Journal of Electronic Measurement and Instrumentation,
231-240. 2025, 39(4):141-151.

[8] LIU W, ANGUELOV D, ERHAN D, et al. SSD: [16] FINDER S E, AMOYAL R, TREISTER E, et al.
Single shot multibox detector[ C]. Computer Vision- Wavelet convolutions for large receptive fields [ C].
ECCV 2016, 2016 21-37. Computer Vision-ECCV 2024, 2024 : 363-380.

[9] REDMON J, DIVVALA S, GIRSHICK R. et al [17] YU W H. ZHOU P, YAN SH CH, et al
You only look once: Unified, real-time object Inceptionnext: When inception meets convnext[ CJ.
detection[ CJ. 2016 IEEE Conference on Computer 2014 IEEE/CVF Conference on Computer Vision and
Vision and Pattern Recognition, 2016: 779-788. Pattern Recognition, 2024 :5672-5683.

[10] JIANG L Y, LIU F H, LYU J W, et al. GST- [18] LIHL, L1J, WEI H B,et al. Slim-neck by GSConv:
YOLO: A lightweight visual detection algorithm for A lightweight-design ~ for  real-time  detector
underwater garbage detection [ J]. Journal of Real- architectures [ J ]. Journal of Real-Time Image
Time Image Processing, 2024, 21.:114. Processing 2024, DOI:10. 1007/s11554-024-01436-6.

(1] fFH¥w, Mz RHAZE SR ZER G M 2 RE RHEE [19] LIU W Z, LU H, FU H T, et al. Learning to

BT BArfLT] sSSP TR S R, 2025,

200 -

upsample by learning to sample[C]. 2023 IEEE/CVF



B E%E AT YOLOLI-MDA #/K F iR % R E H A0 5 %

6 1

[20]

[21]

[22]

[23]

International Conference on Computer Vision, 2023:
6004-6014.

LINTY, GOYAL P, GIRSHICK R, et al. Focal loss
for dense object detection [ C ]. 2017 IEEE
International Conference on Computer Vision, 2017
2999-3007.

YANG B, ZHANG X Y, ZHANG ], et al. EFLNet:
Enhancing feature learning network for infrared small
target detection[J]. IEEE Transactions on Geoscience
and Remote Sensing,2023, 62.1-11.

HONG J, FULTON M, SATTER ]J. Trashcan: A
semantically segmented dataset towards visual
detection of marine debris[J]. ArXiv preprint arXiv:
2007, 08097, 2020.

SAJI S. MANIKANDAN M S, ZHOU J. et al.

Underwater debris detection using visual images and
YOLOv8n for marine pollution monitoring[ C]. 2024
IEEE 19th Conference on Industrial Electronics and

Applications, 2024 10664718.

& &I

BEEGEFEER 1 EEIFIE 5 17 8 507 B R b

BANTF B AU IE 2 BT BT

E-mail: zhaoxf@jou. edu. cn

LE AR 0 ) e e o <3 1l IS A E R A R

E-mail : ry1838843470@163. com

i Ik i L P, 2 B 50 O 1) O LI ) B A L 2

17 AT

E-mail : zhongzhaoman@163. com

b B2 8, AL, 2 BRI 1) Sy AR B T

E-mail : zhongxm@jou. edu. cn

+ 201 »



