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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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YOLOv10,YOLO11 . RT-DERT, LA K — F &t %J 7K T+ %
000 F A A TR S AT T LY S L % A A TR AR T A B 4R

SR R 2 iR, 5 H AR AR L, A SOy Ik AR
oy 00 o At TR T R A HE A KT B AR R R
7T B & mAP, 45158 3 91.4% A1 97% . YOLO11-
MDA R 5 LR AR AR LU, A RS E4R T T 4. 9%, H %
&7 0.5 GFLOPs, [f i FPS 4 T /i 5., 5 [\ 2 & iy
YOLOv5,.YOLOvS, YOLOv10 %5455 5 A5 [L , 46 ks B A
HERERSE., SEFUHERN YOLOVS-GST M L, 1£ 5 5
B A R B9 3R 55 T, YOLO11-MDA 1y mAP fl FPS B %
WBEMLH, A KTIERE, YOLOLI-MDA 27K T & % 43
KGR 55 th R IR AE BT,

FT HWITAE YOLO11-MDA 787K T &% 3% 46 AT 45
P RERR T FRATREPL PR E T 4 3K A, L A A
BRI 3 B R 1 ARG I 45 SR TR N B AR SCHR R O IR AE
Z R H w122 28 50 B AR R0 7 T8 0 O e T L S
Bk 3 i,

F3PER A BRTKTZRE BRI LR,
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 R 45 5, 2o
2 AR RO 4 A A H B3 B R C R TSR
FOBEFUAS TR 28 50 p R I 25 2, &% 1 A4 rov 285001 A4
plastic 255 .1 4> bio ZE . 43 5 A RIBEE B bR /N RUE B #7
DL R RO BAR ;B R D BCE 2080 4 09 i K R S 3% 0 ks
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Table 2 Comparative expeiments

TR R0 P R mAP GFLOPs FPS
Faster R-CNN 0. 627 0. 843 0.818 104. 4 34.4

YOLOvS 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 TEEBEFEEMBRT L

Table 3 Comparison of different models for object detection

LA

J

Faster R-CNN

YOLOv5

YOLOvS

YOLOv10
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Table 3 (continued)
HE Y
YOLO11
YOLOv8-GST
RT-DERT
¥ NS @R

MZER A E 3 AL B, H£ANBEERR AB.CFD
LR R Rk 3 s, WRIEE R A BRI EE R,
Faster R-CNN [ #2038 f 25 AU — AN 30 FAE 5 (7 BT 47
KFBM . YOLOVS-GST X 7K F £ )R £y 3% 46 Il 45 51 4
EZ A H 3 AN KRB HAR., YOLOvS, YOLOv10,
YOLO11 B4 (A7 Tk A5 . YOLOvS . RT-
DETR 5 YOLO11-MDA G % #E #f £ I 5 AS 7] ROBE () 7K
F.H YOLO11I-MDA W & {5 & /. ik, YOLO11-
MDA 72 RE H s e L. WIEE A B A 45
B, YOLOvV5, YOLOvV8, YOLO11, YOLOv8-GST fE/K F
ANFIZE BRI Fe B 25, R 2 A SR 7 3 20
52 A HA B B 250, RT-DERT 2 AT, H ¥4 50
SR H Al b e AP AE IR LS. YOLO11-MDA %
WU T 20, IRAEE A C BRI 45 5, Faster R-CNN
Xt 22 R 22 28 5 A 850 SR B 25 B rov IR IRUAIN plastic
I timestamp BRIR N rubber, AR E ., YOLO11 I
YOLOvS-GST 4 8 s £, =& ME #3230 b A4 9 28 4.
YOLOv5 5 YOLOv8 R IUBL4F, A0 3L T & & 4 I A9 7]
B, RT-DERT 54T RS R e, WEE A D
Kl 25 5, YOLOvV10 . RT-DERT 345 2%, & Ge &6 I 1 fir
£ 2 9], Faster R-CNN, YOLOv5, YOLOvS, YOLOvS-
GST.YOLO11 . ¥ 30K 5 e s B0 42, T A SC 5 ¥k A il 3%
SR, T AR Iz AL RE . £ R R OL T 4G I 45
R ,YOLO11-MDA 28 2 REE 22850 W 7K T 7 3% A T &%

BEXT AR Bz 508 T v 22 RUBE B b 3 B0 6 0 28028 22
1) J, B2 Y YOLO11-MDA  H A5 4 0 57 3% . 38 i — 5 4]
S UE T HA R, SR KWL YOLO11-MDA 1
KR B AR B TrashCan FI Trash_ICRA19 - 6l 1 i
BEARTE A2 R 5 228 51 F AR A I 10K B R B 5= .
K MFEM #5 8, $2 5 X 2 RUEE H b5 (19 51 2 BURE 77 .
A ALE R DySample b RAFES T, 8 58 K N S 3% 1915
SO BHVRRAE RAB B8 0, 42 H AR A I i & B . R
ATFEL 5 5% BB BEAR K R BL30 00 A A B 17, i — 4R
Kol fEdf B2 o7& TrashCan U4 H Al Trash _ICRA19 il
B BT T OR B SE, O T HALBE R AT T X . AR
7 5 2 BASE A7 7 T3 52 2% BE 508 1 [ A, R R R BF 5 T
DAY SR 47 59 A ol H A 355 A6 00K B2 A4 (] e 52 PR 2 o
s AT B3 5 7K T 7 3RS I 1 S B oz
5% 3k
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