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Abstract: Marine debris constitutes a significant global environmental challenge. Autonomous underwater
robots offer a potential solution for the removal of deep-sea debris. To enable rapid and accurate detection
of such debris, this study presents a lightweight detection model, termed Deep-sea Debris YOLO (Debris-
YOLO) , developed using deep learning techniques. An initial deep-sea debris dataset was constructed
based on the Deep-sea Debris Database provided by the Global Oceanographic Data Centre (GODAC).
Subsequently, an enhanced BiFPN feature fusion network was employed to reduce model parameters
while enhancing background discrimination capabilities. A lightweight detection head was designed to de-
crease computational complexity, thereby improving the model’ s practicality and deployability for deep-
sea debris detection. Furthermore, the Wise-DIoU (Wise Distance Intersection over Union) loss function
was introduced to mitigate the influence of low-quality samples, enabling more precise localization of deep-
sea debris. Data augmentation and adaptive color-balanced underwater restoration were applied to enrich

the training dataset. Experimental results demonstrate that the proposed Debris-YOLO model achieves im-
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provements of 1. 3% and 1. 6% in mAP, ; and mAP, .., ., respectively, compared to YOLOv8n, while re-
ducing the number of parameters and GFLLOPS by 48. 2% and 36 % , respectively.
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Fig. 2 Predicted values of grid cells for bounding boxes and categories
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Fig. 7 Calculation factor for bounding box regression
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tul8. 04; CPU i Intel (R) Xeon (R) Platinum
8255C CPU @ 2.50 GHz; GPU i NVIDIA Ge-
Force RTX 3090 24 GB; IR i 2% 2 HEZL R H py-
thon3. 9+cudal2. 1,

Debris ¥ 85 5 19 8520 H T Il 2%, H 4 15%
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Bn de EAT 1 8
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Fig. 11 Training results for 300 epochs
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Fig. 12 Confusion matrix for Debris-yolo model



1812

33 %

Plastic

7%

CUAISTE A
Stage 0: ultralytics.nn.modules.conv.Conv (Merged: sum) ~ Stage O: ultralytics.nn.modules.conv.Conv ‘Me'ged m) Shge 0: ultraly

First layer

Stage 3: ultralytics.nn.modules conv.Conv (Merged: sum)

Third layer

Stage 5: ultralytics.nn.modules.conv.Conv (Merged: sum)

Fifth layer

Seventh layer

stage 9: ultralytics.nn.modules.block SPPF (Merged: sum)
=

Ninth layer

Stage 21: ultralytics.nn.modules.block.C2f (Merged: sum)

21st layer

Stage 24: ultralytics.nn.modules.block C2f (Merged: sum) Stage 24: ultralytics.nn.modules.block.C2f (Merged: sum)

24th layer

27th layer

Stage 3: ultralytics.nn.modules.conv.Conv (Merged: sum! ~Stage 3: ultralytics.nn.modules.conv.Conv (Merged: sum)

Stage 5 ultralytics.nn.modules.conv.Conv (Merged: sum) Stage 5: ultralytics.nn.modules.conv.Conv (Merged: sum)

Stage 7: ultralytics.nn.modules.conv.Conv (Merged: sum) Stage 7: uitralytics.nn.modules.conv.Conv (Merged: sum)

Stage 9: ultralytics.nn.modules.block.SPPF (Merged: sum) stage 9: ultralytics.nn.modules.block.SPPF (Merged: sum)
Stage 21: ultralytics.nn.modules.block.C2f (Merged: sum) Stage 21: ultralytics.nn.modules.block.C2f (Merged: sum)

Stage 24: ultralytics.nn.modules.block C2f (Merged: sum)

Stage 27: ultralytics.nn.modules.block.C2f (Merged: sum) Stage 27: ultralytics.nn.modules.block.C2f (Merged: sum) Stage 27: ultralytics.nn.modules.block C2f (Merged: sum)

00°179",+45%%

J
Stage 0: ultralytics.nn.modules.conv.Conv (Merged: sum)

Stage 0: ultralytics.nn.modules.conv.Conv (Merged: sum)

Stage 3: ultralytics.nn.modules.conv.Conv (Merged: sum)

Stage 5 ultralytics.nn.modules.conv.Conv (Merged: sum

Stage 7: ultralytics.nn.modules.conv.Conv (Merged: sum

Stage 3: ultralytics.nn.modules.conv.Conv (Merged: sum)

Stage 5: ultralytics.nn.modules.conv.Conv (Merged: sum)

Stage 7: ultralytics.nn.modules.conv.Conv (Merged: sum)

Stage 9: ultralytics.nn.modules.block SPPF (Merged: sum

Stage 21: ultralytics.nn.modules.block.C2f (Merged: sum)

Stage 21: ultralytics.nn.modules.block C2t (Merged: sum

Stage 24: ultralytics.nn.modules.block. C2f (Merged: sur

Stage 24: ultralytics.nn.modules.block.C2f (Merged: sum)

Stage 27: ultralytics.nn.modules.block.C2f (Merged: sum) Stage 27: ultralytics.nn.modules.block.C2f (Merged: sum

13 Debris-yolo £ %I it 435 1iF 4]
Fig. 13 Feature images of Debris-yolo model
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HERY BIFPN B Efficient Head §4 & £ 46 1 sk A1
Wise-DIoU, 5| A 2 #f BiIFPN # B fy #8115
YOLOv8n #5 BUAH Hr , 2 80 i A1 GFLOPS 43 il 9
A>T 41.9% M 15.8%, mAP, B T 1.2%,
mAP, ... B2 T 0.3% ;51 A Wise-DIoU f5 , #

B3 B mAP, s Ml mAP, 5. 0578 B 8 1 1. 104 A
1. 1% o FERNFIBEH A 24 & 5255 v, 3 FP A B it 41
AR 7 (Debris-Yolo) £ B T 1 4 i 52 & g4k
P, IXSOEE R BT H A 4 fe R S AR Y
FEARTERE

x1 HHEMXEER

Tab.1 Results of ablation experiments
Model A B C P R mAP, . mAP, ..o Parameter GFLOPS
0 — — — 88.6 75.2 83.8 62.9 3.15 8.20
1 N — — 90 76.2 85.0 63.2 1.83 6.90
2 — N, — 88.3 75.9 84.7 63.8 3.66 8.10
3 — — N 88. 2 78.0 84.9 64.0 2.88 8.20
4 N N — 88.3 76.9 84.6 63.1 1.63 5. 60
5 NG — N 87.9 77.3 84.8 62.9 1.83 6.90
6 — NG NG 88.9 77.6 84.9 64.5 3.66 8.10
7 NG NG NG 89.0 78.2 85.1 64.5 1.63 5.60

AR FH KT A% 48 i R0 8RB 1 50 X De-
bris £ 45 4 HEA7 WAL B, 6 2 S B HE 1AL B X AR
TG 0 20 TR B R W AR O 2 R ) A T Ak P

R2 MRAHEHRLEZR L

Tab.2 Comparison of application data preprocessing ef~

P4 00 A0 SR, SR 1l AR T Ak B 1Y S
AL LA, 28 0 B w Ak 38 e R R 4 v 1R AL Y
PEfE.
5.4 ZWMLLERSNT
A 3 BE T B BRI ) 2% ResNet50-Faster-

fects RCNN | TR 57 3% W5 00 46 I 77 ¥ DSDebrisNet | #t
Model P R mAP,.  mAP, .., W B B 2% YOLOv5s, YOLOv10n DL K 35 vfis 45 #1
0 86.2  72.2  80.7 61.7 YOLOvSn#EAT k. 3R 3 R T A AR Y f K
1 89.0 78.2 85.1 66.4 4t 5
®3 TREEBFEM LR
Tab.3 Comparison of detection results of different models
Model P R mAP, MAP 505
ResNet50-Faster R-CNN 82.5 72.3 78.9 58.2
YOLOV5s 88.2 76.8 83.5 60.9
DSDebrisNet 88.3 77.0 83.9 61.4
YOLOv8n 88.6 75.2 83.8 62.9
YOLOv10n 87.7 77.1 83.6 63.8
Debris-yolo 89.0 78.2 85.1 64.5

S 45 B R B ResNet50-Faster-RCNN
2 AE B TRORE ME R G R DU 48 bR b TC vk 5 AR SO
PRI AH L, ResNet50 i 4R $ A1t 17 5 R 1y ) 2% 2%
HA, ELTRT 5 1) L0 32 (1% 3% 2 45 0 T ok B 4 1 2 )
H bR B R AE£5 B, PR e 5 3508 7 5L 48 22 09

K5 % o Debris-yolo BB AHE T YOLOv8n JE i 5
B mAP, 8 T 1.3% ,mAP, .., o 225 7 1.6%.
5 DSDebrisNet ¥ 1 3 3% &6 ) #% Y40 [t , £ Re-
call,mAP, ;, mAP, ., o, T8 b5 b EA T 4F i A5 I 1
Be, iR T T 1.2%,1.2%,3. 1%, Hiknl %0,
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APAEE/N, R 73,7 % 3K 52 PR kg R T B 2 A 4 B
B LS BOLR R MR AL 2 2%, Bl g
Ak S EOB A YT Fishing net Rope B 2% > AN g
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Rubber i#i # B A # o U] 5 09 808 F 4 B ARRAE , B
EERE AR 2 = o NS = O S N D ol B

W BE 26 R 4y M ek 8000 o X T B A AR AR AR 1Y
Plastic, Metal 2¢ %] , AP {8 4> % & 76.5%,
83.9% , t DSDebrisNet 48 & 1 3.2%,0.4% , 5
YOLOvSn AH L2048 T+ 1 3.2%0,3. 2% X Uil
WIS AT DX 43 22 1 28 591 19 46 T, Debris-yolo fig %
A4 N my 45 21 .

R T B LIRS T A TR (8 A 5 R R 14
7~ T Debris-yolo 5 %1 55 H il 52 7 {14 k5 I 45
M\ Natural debris #4025 7] LLF 38 2 Az 6
iz e HE 1) ResNet50-Faster-RCNN A Jilf T K & 14
T AE LA AT G A A3 A X 42, 3 BAR R T T
TR s ) A ] 22 SR B8 22 14 o0 DA 25 {1 455 78 1Y)
HERI R TR BRILZ4h,ResNet50-Faster-RCNN
A7 AE S T Ao () 0, JFCAth A5 Y W) A A7 7E 5 T A L 101

R4 TRERNGNEINENE RO

Tab.4 Comparison of results of different models for each category of detection

Modal Rov Eel Fish  Fabric Fishing_net. Glass Metal Natural. Plastic Rubber
Rope debris

ResNet50-Faster R-CNN  71.6  84.6 85.7 94.2 73.6 93.6  80.7 79.9 72.5 91.5
YOLOvV5s 75.5 86.5 86.2 93.6 72.2 92.1 81.5 81.6 72.3 93.2
DSDebrisNet 74.7 85.5 86.4 93.4 71.8 93.8 83.5 79.9 73.3 96.7
YOLOv8n 74.6  84.4 87.6 94.6 72.5 95.1 80.7 81.6 73.3 93.7
YOLOv10n 70.7 90.2 87.8 93.9 72.6 94.4  82.0 81.0 74.0  89.8
Debris-yolo 78.3 87.6 88.3 96.0 73.7 92.4 83.9 82.1 76.5 91.8

YOLOVSs
K 14

YOLOVIOn
I TR AR 20 358 4346 0 4% SR i ml A Ak

Natural_debris 0.92
Hom o =
Debris-yolo

DSDebrisNet A

Fig. 14  Visualisation of detection results from different model sections
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DUHE TC A% 11 ) 8

TR R AR SO B i B B
Debris-yolo 8 ¥k 5 HAW S 1 47 T R 8 ¥ &7
M L3 S5 3R 5 TR o LI A5 R B, Debris-
yolo fEf2 % A T YOLOvSn B3k, S 8=
W T 48.2% , GFLOPS i /b T 36 % , #6548 K/
Wk /> T 28% ; Debris-yolo [ Z & . GFLOPS
FIE TR /N4 ) A 2 i 9% DSDebrisNet [ 0. 24,
0.35,0.314%. Kk, Debris-yolo 7£ % & 1k J5 i
AEHEAMERA,

A\ Deep-sea debris £ i 42 rh ik B 3 Fol
LR DA [ 3 50T 0 TRV R U R AL, %) BE A [ A
UTEAS [R)R T 04 K6 00 5588 5 R0 ARG, 00 e i, &85 S 4
F6 RN, Hirh, Scenel 9L 5L W5 (0 98 #0421
B AR, Scene2 Sy LI 5 8 4R A A9 B AR By AL
i, Scene3 Sy P 5L B 64 E B BORMG T . AR 6

K5 AREBRERIERILL

Tab.5 Comparison of different model lightweight metrics

Detection
Vodel speed/  Parame- GFLOPS Size/
(frame+  ters/MB MB

s )

Faster R-CNN  19.11 41.39 208. 00 478
YOLOvVSs 102. 04 6.71 15. 80 14.5
DSDebrisNet 95. 24 6.71 15. 80 13.8
YOLOv8n 88.49 3.15 8.70 6.00
YOLOvIOn  98.45 2.30  66.70 5.50
Debris-yolo 90.91 1.63 5. 60 4.33

Al LA Y, Debris-yolo 78 3/ Wi 3 5t v B AT 3%
1 B FPS A I 1 b BEASF ], 35 2 /K R ML g S
Fih A I 719 5 oK o

F6 REERT B0k E B 04k A i

Tab.6 Detection speed and inspection time in different situations

Scene 1 Scene 2 Scene 3
Model

FPS t/ms FPS t/ms FPS t/ms

Faster R-CNN 39.6 25.27 43.1 23.20 42.9 23.31
YOLOV5s 193.6 5.17 208.5 4.80 191.3 5.23
DSDebrisNet 187.3 5.34 201.3 4.97 186. 2 5.37
YOLOVS8n 181.9 5.49 209.9 4.76 191.6 5.20
YOLOv10n 176.8 5.08 208.1 4.80 195.7 5.11
Debris-yolo 185.7 5.38 210.2 4.76 194.0 5.16

6 % i >k Efficient-Head ff# gt 14 M BRI Sk 2 4 it |

R AR A v T e ) A DN R R A BE L ) BB B
TSR AR SCER T R T ALY L F E Debris
B 2R E TR IR R AEY KR
ML ANAE NI RO . DLt DR 1 2 8 o 42
RS 5, T B s BRGSO S X
87, 5 B 8 X ] AR AIE 4 - B A B, i i A
RUFFAESE HURE 7 o 38 3 2R ] 2243 S A 345 4 i /b
ORI R P E B R G O R R B AR A 1
S8 . T I S 8T i DBB (Diverse
Branch Block) 5 25 A A e 51— 4 a5 A 4G DU

TR R R, 48 1 —Ff Wise-DIoU 43 2% bR
B, DU s VR S AR I, >R FH 2 A0 1Y £
3 T SR W 0 A5 A5 A B0 5 7 35 36 s 441 sl £ AP B
TR BRI AL PERE BT B o R A 3 i A
F 3 N K T GRS AR R I 2 A AT Ak
B B G D bR 09 FR AR 205 H AL Y A
PEo SEERAE IR RN A SCER Y MBI ARLTERS i 3, 13
[l 3, mAP, 5, mAP, ., o K BEPEAG 48 b5 B IR T
Wi g R, g i o 89%, 78.2%, 85.1%,
64.5% . Debris-yolo #£ Parameters, GFLOPS,
Size B AL AL fabr LRI A E AR, =
Bk, GFLOPS FIAE R/ 70 51 ek /b 1 48. 204,
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