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Abstract: Marine ranching environments often contain foreign objects such as abandoned nets, ropes, plastics, and metal compo-
nents, which may not only interfere with the operation of aquaculture facilities but also affect the activity space of aquatic organ-
isms and the local ecosystem. As different types of underwater targets require different treatment strategies, including removal,
avoidance, or no action, existing underwater object detection and semantic segmentation methods mainly focus on learning seman-
tic categories, while the corresponding actions are typically derived from predictions using predefined rules. Since action categories
depend on semantic predictions, model training primarily emphasizes semantic recognition accuracy, making it difficult to explicitly

constrain prediction errors that may lead to incorrect action decisions. To address this issue, we propose a semantic—action consis-
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tency based method for underwater foreign—object action map generation, which directly incorporates action prediction into model

training. The model employs a semantic branch and an action branch to learn target categories and action categories, respectively,

and exploits the correspondence between semantics and actions to enforce consistency between the two predictions, allowing se-

mantic recognition to be jointly constrained by action prediction. Furthermore, a risk penalty loss is introduced to explicitly sup-

press high-risk errors in which regions requiring avoidance or no action are incorrectly predicted as removable. Experimental re-

sults show that the proposed method achieves Decision Accuracy values of 89.8% and 91.3% on the SeaClear and SUIM datas-

ets, respectively, while reducing Critical Error to 4.3% and 3.9%. These results demonstrate the effectiveness of the proposed

method in underwater foreign—object action map generation and high—risk error control.
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Table 1 Mapping from semantic categories to action categories across different datasets

PGS J I o U ) IR (ES
JE ST SRR SRR A L4 S T B Remove

SeaClear KA Bl R AR B LA B A S5 O B L F AR Avoid
KA ST T No action
Wrecks and ruins (WR) Remove

Human divers (HD), Aquatic plants and sea—grass (PF) ,Robots (RO),Reefs and invertebrates (RI) ,Fish )
SUIM Avoid
and vertebrates (FV)

Background/waterbody (BW),Sea—floor and rocks (SR) No action
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Table 2 Comparison of action map generation performance of different methods on the SeaClear dataset

%
ik mloU 4 Decision Acc 4 Remove F1 4 Avoid F1 4 Critical Error v

U-Net"?+Rule 66.940.3 80.6 0.3 78.4+0.3 76.8+0.4 9.640.2
DeepLabV3+"+Rule  69.9+0.2 82.440.1 80.6 0.2 78.94£0.3 8.940.1
SegFormer™*'+ Rule 74.040.2 85.340.2 83.2+0.3 81.6+0.2 7.140.2
Mask R-CNN™/+Rule  73.2+0.3 84.6+0.5 84.5+0.1 80.8+0.4 8.0+0.1
YOLO-seg™+ Rule 75.840.3 86.140.3 85.040.2 82.34+0.2 7.4+0.1
AT 79.94£0.2 89.8+0.1 86.7+0.3 85.4+0.2 4.34+0.3
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Fig. 3 Visualization results on the SeaClear dataset
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Table 3 Comparison of action map generation performance of different methods on the SUIM dataset

%
PiRiS mloU 4 Decision Acc 4 Avoid F1(%) 4 Critical Error ¥
U-Net"? +Rule 63.7+0.2 82.6+ 0.4 80.1+0.3 8.740.2
DeepLabV 3+ +Rule 68.540.1 85.1+0.5 83.4+0.4 8.3+0.2
SegFormer*+Rule 73.14+0.6 88.4+0.4 86.84 0.4 6.840.3
ATk 76.24+0.1 91.340.3 88.6+ 0.2 3.940.1
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N LA BV 28 ) 1 X 5 R ST X = (] Y 38 O
o, Mean 17 #1114 ToU b = 28 31 4E ToU /9 F-21{E , B
iSO Y mIoU .

M AT LLUF A SOy 6 = 2K 3 1R Y AR
TR R CR . Ho, Remove 28 51 9 Preci-
sion, Recall Fl F1 4y 5l ik #] 87.5% . 85.9% Al
86.7% ,ToU K% 76. 50 , 3 B AS A B 5 45 v Ay 3t 7
S AT R S X, Avoid 289 B F1 AT ToU 43 51 ik
B 85. 4% F1 74. 5% , L WA AL BB 5 B 4 1 X 53 75 ik
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Table 4 Recognition performance of the proposed method for different action categories on the SeaClear dataset

o

PSR 2 51 £ Precision 4 Recall 4 F1 4 IoU 4

Remove IR ] 87.54+ 0.3 85.9+ 0.4 86.7 £ 0.3 76.5 £ 0.4
Avoid LTI S 86.2 + 0.3 84.6 + 0.3 85.4+0.2 74.5 £+ 0.3

No action AN b B X3 93.04+ 0.2 95.0 £0.2 94.0 £ 0.2 88.7+ 0.2
Mean RESEE S 88.9 £ 0.3 88.54+ 0.3 88.7 £ 0.2 79.9 +£0.2
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FH A SCB T il S 56, 20 9) o0 A o SO B AR
B SCBAE— Bk AR 7R 5 45 R ) Bl 4R AR R
PERE (1 520

Semantic-only -+ Rule & 78 B AL 5 3 JFURTE L
20, 38 Ak N TR 18 SCSRIN 25 SR 45k S E AR
% . Action—only &R BT %~ > Remove . Avoid I

No action =K FEFR% . Semantic+ Action 7R &
AU [A] I 27 2] 7 LA EZE ], Semantic+ Action+
Consistency 2&7n 78 XU B Fefilt F o A L ah 1 — 3
PE o AR SCTT R I RS A ST R, DA AIR 15 3 B XL
Wi SEERES AN SFIK 6 FR .

WMFE 5 AT LLE i, 1E SeaClear 4 % I B & I
B 5 5 40 TR % AL A RSP R R A
T # . 5 Semantic-only+Rule # kb , Action-
only 1 Decision Accuracy A BT #& & , i B 15 42 F) H
BAE W B A BT 5 T 2 AR DI 500 o o .
— A B E L EE — B S, mIoU il
Decision Accuracy 4k 2 42 & , Critical Error B i [%
%, 106 BT — 50ME 29 5 R 08 a2 1 SCIIN 5 2 A T
ZIE A gE o ARV % 3 45t 2K ), Critical Error

F5 SeaClear HEEHMIIWER
Table 5 Ablation study results on the SeaClear dataset

%
. Decision Acc Remove Remove F1 . Critical
Jr kAR R Lon Lot Leow Loy mloU 4 Avoid F14
Recall 4 4 Error ¥
Semantic-only+Rule ~ - - - 74.0£0.2 85.340.2 82.1+£0.3 83.2+£0.381.64+0.2 7.140.2
Action-only - & - - 76.5+0.3 87.1+0.2 84.64+0.4 84.9+0.382.7+0.3 6.4+0.2
Semantic + Action ~ ~ - - 77.4+0.2 87.8+0.2 85.14+0.3 85.5+0.283.4+0.2 5.9+0.2
Semantic+ Action—+
. - 78.9+0.2 8.9+0.1 8.7+0.3 8.2+0.284.5+0.2 5.1+0.2
Consistency
AT v N NV Y 799402 89.840.1 85.9+-0.4 86.7+0.385.44+0.2 4.34+0.3
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Table 6 Ablation study results on the SUIM dataset

%
I AR A Lon Luwi Leon Lok mloU 4 Decision Acc 4 Avoid F1 4 Critical Error ¥
Semantic-only+ Rule N - - - 73.14+0.6 88.4+ 0.4 86.8 = 0.4 6.8+ 0.3
Action—only — - - 73.8 0.4 89.0 4+ 0.3 87.1+0.3 6.1£0.2
Semantic+ Action v o N - - 746403 89.7+0.3 87.6 + 0.3 5.4+0.2
Semantic+ Action+ Consistency  ~  +/ NG - 75.4 +0.2 90.5 4+ 0.2 88.14+0.2 4.6 0.2
ARSI N N NG N 76.2 4+ 0.1 91.3 4+ 0.3 88.6 = 0.2 3.9+0.1
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Table 7 Statistical results of high—risk misclassifications

No action — Remove ¥ Critical Error v

Iy Avoid = Remove v
DeepLabV3-+"+Rule 8.5+ 0.2
SegFormer*-+Rule 6.8+ 0.2
Semantic+ Action 5.5+£0.2
Semantic+ Action—+ Consistency 4.7+ 0.2
AT 3.940.2

9.1=x0.1 8.9+ 0.1
7.2+0.2 7.1+£0.2
6.1+0.2 5.9+0.2
5.34+0.2 5.14+0.2
4.5+ 0.3 4.3+0.3
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Fig. 5 Analysis of failure cases

B FE R YR B DR S0 VE R SR
e, 3 AR AR 5 2K T BB T AR E o
2.7 SHERMESHT

R 53 AT SCBAE — B 2R B 0 R0 RURS: A 5
1 UE y X B R PR R 19 52 ), A SCHE SeaClear Fl
SUIM ¥4 £ b I Je Z B URME 250 . RS AR 9
LL SeaClear 1] i 15 H AR G5 L, 16 6 Fn &l 7 i — 20
2 A EE AR Ry AR 3 . AR SCFE R AT De-
cision Accuracy ., Remove F1, Avoid F1 #1 Critical
Error PF- i 2 828 Ab 4 A5 78 M 8 1Y 5% i 5 78 43 B KU
TEST R B y B, #F — 2P it 25 Remove Recall, DA
2 G2 XU 249 OGS T3 o S 0 T RE 0 AR R

N By A S A — BOME AR R A o %) AR Y
P BE B9 52 ), AR SCTE %2 3 11 Bk SR A0 R AL A=1. 0,
A G ARRAE ST, RIS y =0, 7E It 5L Ak
A VRRE B B Al I RS R R NS SEER A R

IS
2

=24
57

IS4
W

mE R,

R 8 LA M, Y =0/, BLARUR A i X
AR — MR G o o S RN Bl AR B kAT
4 2% 2, BT Decision Accuracy i 87. 8%, Criti-
cal Error 51 5.9% . Fi# p 1K, Decision Accuracy .
Remove F1 il Avoid F1# M5 EIH# %, [8] 1} Criti-
cal Error 32 ¥ B AR , 138 W1 38 >4 51 A8 LBl 7E— Btk
A B TR 8 SC2E 5 3l A 28 0l 22 Ta] 0 X6 1 OC &%
U0 P AS 0 53 S Z BN — 3 Y p=0. 51,
Decision Accuracy . Remove F1 #l Avoid F1 43 % ik
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Table 8 Parameter sensitivity analysis under different values of x

%
y/ Decision Acc 4 Remove F14 Avoid F1 4 Critical Error v
0 87.8+ 0.2 85.5+0.2 83.4+0.2 5.9+£0.2
0.1 88.2 0.2 85.7 4+ 0.3 83.8 0.2 5.7+0.2
0.3 88.6 = 0.1 86.0 4 0.2 84.2 4+ 0.2 5.4+0.2
0.5 88.9 4+ 0.1 86.2 4+ 0.2 84.54 0.2 5.1+0.2
0.7 88.7+ 0.2 86.0 = 0.3 84.34+0.3 5.2+£0.2
1.0 88.3 4+ 0.3 85.6 =2 0.3 83.9£0.3 5.5+£0.2
F®9 AEyBRETHSHEEESFT
Table 9 Parameter sensitivity analysis under different values of ¥ y
0
y Decision Acc 4 Remove Recall 4 Remove F1 4 Avoid F1 4 Critical Error v
88.9+ 0.1 85.7 4+ 0.3 86.2 4+ 0.2 84.5+0.2 5.14+0.2
0.1 89.24+ 0.2 85.8 + 0.3 86.4 + 0.3 84.8 0.2 4.8+ 0.2
0.3 89.5+ 0.2 86.0 + 0.4 86.6 = 0.2 85.1+0.3 4.5+0.2
0.5 89.8+ 0.1 85.9 4+ 0.4 86.7 = 0.3 85.4 4+ 0.2 4.3+0.3
0.7 89.4 4+ 0.2 85.14+ 0.3 86.0 + 0.3 85.3£0.2 4.1 +£0.2
1.0 88.8 = 0.3 83.9+ 0.4 85.14+ 0.4 85.0 4+ 0.3 3.9+0.2




e BRIH 45 BTl SO E—BOERY KT S8 S R 18 A T T 13

R 2 8 1Y S50 45 2R, A SORE LA E — Btk
Pt R AL E [ 5 Ky p=0.5, I R+ A=1.0, i#F — 2L
g RIS A T 40 R ALER oy, D4 A H G Bl A T A R
FIE I e JRUISS: 158 1] 79 52 ), 485 SR AN % 9 PR

MEITLLAE W, Y y=008], BLRUAfd H RS
JE T 48 2%, Critical Error A1 X5 8 5 o B % y 34K,
Critical Error 122 T [, 1 B XU 7% 311 45 2k e i A7
BAMH Avoid F1 No action # 1% J & Remove [ = XL
B FE 1% . 4 y=0. 58], £ 8 LA B 5 Decision Ac-
curacy A1 Remove F1, [d] i Critical Error B & ik F
AN XU A ST 400 26 A1 O o 2y Ak 23 K E 0.7
m 1. 0 B, Critical Error /38% T~ [% , {2 Remove F1 1{

AR o 3 B e A XU A 2 A R X Re-
move 28 5l B i T O <, DT 8 0 al 3 BR 5 40 T
o PRI, AR SCHEHE y=0. 51 R 15 B 56 B 1k F iR i
B AU 22 (8] (19 37 s

K6 FIE 7 0E— 20 R T p Ay 28 AL I 2% T 45
PRy SRR E xS SRS S 1
Pl A =2 ) 8 45 4 — S0Pk L 3 2 Y — B 2 R Be
& T Bl A DXl 95000 B T A 5 T2 5 e AR AR X e X
B % ) B 4 A RE T3, 3 Y RY XU RS 7K 5T RE 8 B AR
Avoid 3% No action # %= # &y Remove B [ . £
4 Decision Accuracy \Remove F1,Avoid F1 Fl Criti-
cal Error, &R U A # 41=0.5,y=0. 5.

6.00 - —&— SeaClear]
-#-SUIM
575
S 5501
8
g 5251
o
8 500F N
‘E Mg ¢ ”,/I
S 475t Ty
~g---
450 :
1 | 1 1 | |
0 0.1 0.3 05 07 1.0
u

(b) R

F6 S R AE p i B S

Fig. 6 Sensitivity analysis of the consistency loss weight u

500 -m- SUIM
< 4751
: 450 F
5425}
S
= 400 =
i . So
© 3754 -
3501 _ T
1 - 1 1 1 1
0 01 03 05 07 1.0
1

(b) FRE I

L7 AU T S 45 2 B 1) U A 43 T
Fig. 7 Sensitivity analysis of the risk penalty loss weight y

91.0
—e— SeaClear
905 me_ |m-suiM
X .- =
3 %00 Fre —
[+
5 895}
g
= 890
.S
2 85|
A
88.0 -
1 1 | i i I
87.5 o0 55 — u !
u
(a) R P 2
T -m —e—SeaClear
a-""" ">~ |-®-SUIM
N 91.0 - e ~u
= /.‘ \\\
> > .
§ 905w -
5
2 900 |-
=
o
‘7 895 -
3
S g0t
1 1 1 | i I
88.5 o o= i o o
¥
(a) W R PSR 5
3 &% iE

A SCIH RO K PR A oK B T
—FPIK N SR R WA AR BT L s sl AR S
HAE A A BRI 2k, I 9 7 Remove . Avoid il No
action =G —IEFR S . BERLE o 15 X 53 S 3
VE 43 32 53 512 21 B Fn 28 5 R0 sl VR 200, I F1 ] i

BlAE — SO (5 7 b 10 25 AR R — 2, H AR R
[F] H5f 27 30 B A T 25 SR 29 B . AE L AL B RUR:
TR AR — 20 T RS R L DX R AN Ak B X
B 15 ) kg AU B DX A v XUR R . S 4 R
FW A7 ¥ 7E SeaClear 1 SUIM B4~ 2 JF K F
PLvE B B B T A AR R B AR U RIOCR .
Aok TAE¥ i — 20 5] A B S VEROA s  JT 45 &



14

UK 2240 (P22 i)

KR AL A6 T R AE L, AR T 07 3 12 92 B
P37 5 v i 3 T

SE -

(1]

(2]

(6]

[10]

WenA, mesr s, sk, A5 op E BAAR I T 0T ik
B M R [T, K 7222 4R, 2019, 43(4) @ 1255-1262.
DOI:10.11964/jc.20190211670.

YANG H S, ZHANG S'Y, ZHANG X M, et al. Strate-
gic thinking on the construction of modern marine ranching
in ChinalJ]. Journal of Fisheries of China, 2019, 43(4):
1255-1262. DO1:10.11964/jfc.20190211670 (Ch).
LICY, GUO CL, RENW Q, et al. An underwater im-
age enhancement benchmark dataset and beyond [J].
IEEE Transactions on Image Processing, 2020, 29:
4376-4389. DO1:10.1109/TIP.2019.2955241.
RAVEENDRAN S, PATIL M D, BIRAJDAR G K.
Underwater image enhancement: A comprehensive re-
view, recent trends, challenges and applications[J]. Arti-
ficial Intelligence Review, 2021, 54 (7) : 5413-5467.
DOI1:10.1007/s10462-021-10025-.

ZHAO Z Q, ZHENG P, XU S T, et al. Object detection
with deep learning: A review [J]. IEEE Transactions on
Neural Networks and Learning Systems, 2019, 30(11) :
3212-3232. DOI1:10.1109/TNNLS.2018.2876865.

XIAO Y Z, TIANZ Q, YU J C, et al. A review of ob-
ject detection based on deep learning [J]. Multimedia
Tools and Applications, 2020, 79 (33/34) : 23729~
23791. DOI:10.1007/s11042-020-08976-6.

ELMEZAIN M, SAAD-SAOUD L, SULTAN A, et al.
Advancing underwater vision: A survey of deep learning
models for underwater object recognition and tracking[J].
IEEE Access, 2025, 13: 17830-17867. DOI: 10.1109/
ACCESS.2025.3534098.

YANG H B, LIU P, HU Y Z, et al. Research on under-
water object recognition based on YOLOvV3[J]. Microsys-
tem Technologies, 2021, 27 (4) : 1837-1844. DOI: 10.
1007/s00542-019-04694-8.

SUN X, SHIJ Y, LIU L P, et al. Transferring deep
knowledge for object recognition in low—quality underwater
videos[ J]. Neurocomputing, 2018, 275(C) : 897-908. DOI:
10.1016/j.neucom.2017.09.044.

WANG X H, OUYANG JH, LID Y, e al. Underwater
object recognition based on deep encoding—decoding net-
work[J]. Journal of Ocean University of China, 2019, 18
(2):376-382. DOI:10.1007/s11802-019-3858-x.
HANF L, YAOJZ, ZHU H T, et al. Marine organism
detection and classification from underwater vision based
on the deep CNN method [J]. Mathematical Problems in
Engineering, 2020, 2020 (1) : 3937580. DOI: 10.1155/

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

2020/3937580.

HANF L, YAOJZ, ZHU H T, et al. Underwater im-
age processing and object detection based on deep CNN
method [J]. Journal of Sensors, 2020, 2020: 6707328.
DOI:10.1155/2020/6707328.

RONNEBERGER O, FISCHER P, BROX T. U-Net:
Convolutional networks for biomedical image segmentation
[C]//Medical Image Computing and Computer-Assisted
Intervention — MICCATI 2015. Cham: Springer, 2015:
234-241. DOI1:10.1007/978-3-319-24574-4 _28.

CHEN L C, ZHU Y K, PAPANDREOU G, et al. En-
coder-decoder with atrous separable convolution for se-
mantic image segmentation[ C]//Computer Vision — EC-
CV 2018. Cham: Springer, 2018: 833-851. DOI: 10.
1007/978-3-030-01234-2_49.

XIE E Z, WANG W H, YU Z D, et al. SegFormer:
Simple and efficient design for semantic segmentation with
transformers [ C]//Advances in Neural Information Pro-
cessing Systems. 2021, 34: 12077-12090. DOI: 10.5555/
3540261.3541185.

CHEN Z, WANG Y, TIAN W, et al. Underwater sonar
image segmentation combining pixel-level and region-level
information [J]. Computers and Electrical Engineering,
2022, 100: 107853. DOI: 10.1016/]. compeleceng. 2022.
107853.

CARUANA R. Multitask learning[J]. Machine Learning,
1997, 28(1): 41-75. DOI:10.1023/A: 1007379606734
WALLINGFORD M, LI H, ACHILLE A, et al. Task
adaptive parameter sharing for multi-task learning[ C ]//2022
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). New York: IEEE Press, 2022: 7551~
7560. DO1:10.1109/CVPR52688.2022.00741.

CHEN L, HUANG Y Z, DONG J Y, et al. Underwater
optical object detection in the era of artificial intelligence:
Current, challenge, and future[J]. ACM Computing Sur-
veys, 2025, 58(3): 1-34. DOI:10.1145/3759243.
ZHANG LY, LICY, SUN H F. Object detection/tracking
toward underwater photographs by remotely operated vehicles
(ROVs)[J]. Future Generation Computer Systems, 2022,
126: 163-168. DOT:10.1016/j.future.2021.07.011.
BOLYA D, ZHOU C, XIAOF Y, etal. YOLACT : Real-
time instance segmentation [C]//2019 IEEE/CVF Inter-
national Conference on Computer Vision (ICCV). New
York: IEEE Press, 2019: 9156-9165. DO1:10.1109/iccv.
2019.00925.

HAFIZ A M, BHAT G M. A survey on instance segmen-
tation: State of the art [J]. International Jowrnal of Multi-
media Information Retrieval, 2020, 9(3): 171-189. DOI:
10.1007/s13735-020-00195-x.



e BRIH 45 BTl SO E—BOERY KT S8 S R 18 A T T 15

[22]

[23]

[24]

[26]

STRUDEL R, GARCIA R, LAPTEV I, et al. Seg-
menter: Transformer for semantic segmentation [C]//
2021 IEEE/CVF International Conference on Computer
Vision (ICCV). New York: IEEE Press, 2021: 7242~
7252. DOT:10.1109/ICCV48922.2021.00717.

GUO Y M, LIU Y, GEORGIOU T, et al. A review of
semantic segmentation using deep neural networks[J]. In-
ternational Journal of Multimedia Information Retrieval,
2018, 7(2): 87-93. DOI:10.1007/s13735-017-0141-z.
YU C Q, WANG J B, PENG C, et al. BiSeNet: bilateral
segmentation network for real-time semantic segmentation
[C]//Computer Vision — ECCV 2018. Cham: Springer,
2018: 334-349. DOI:10.1007/978-3-030-01261-8 _20.
MISRA I, SHRIVASTAVA A, GUPTA A,

Cross—stitch networks for multi-task learning [C]//2016

et al.

IEEE Conference on Computer Vision and Pattern Recog-
nition (CVPR). New York: IEEE Press, 2016: 3994~
4003. DOI:10.1109/CVPR.2016.433.

LIU S K, JOHNS E, DAVISON A J. End-to—end multi—
task learning with attention [C]//2019 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition
(CVPR). New York: IEEE Press, 2019: 1871-1880.
DOI1:10.1109/CVPR.2019.00197.

KENDALL A, GAL Y, CIPOLLA R. Multi-task learning

using uncertainty to weigh losses for scene geometry and

[28]

[29]

[30]

[31]

[32]

semantics[ C]//2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. New York: IEEE Press,
2018: 7482-7491. DOI1:10.1109/CVPR.2018.0078]1.
CHEN Z, BADRINARAYANAN V, LEE C Y, er al.
GradNorm: gradient normalization for adaptive loss balancing
in deep multitask networks[ C]// Proceedings of the 35th
International Conference on Machine Learning. Stockholm:
PMLR, 2018:794-803. DOI: 10.48550/arXiv.1711.02257.
HE K M, GKIOXARI G, DOLLAR P, et al. Mask R-
CNN[C]//2017 IEEE International Conference on Com-
puter Vision (ICCV). New York: IEEE Press, 2017:
2980-2988. DOI1:10.1109/iccv.2017.322.

JOCHER G, QIU J. Ultralytics YOLO [CP/OL]. 2023
[2026-08-12]. https://github.com/ultralytics/ultralytics.
PURAS A, WOLF B I, ILIOUDI A, e al. A dataset
for detection and segmentation of underwater marine de-
bris in shallow waters[J]. Scientific Data, 2024, 11: 921.
DOI:10.1038/s41597-024-03759-2.

ISLAM M J, EDGE C, XIAO Y Y, e/ al. Semantic seg-
mentation of underwater imagery: Dataset and benchmark
[C]//2020 IEEE/RSIJ International Conference on Intelli-
gent Robots and Systems (IROS). 2020: 1769-1776.
DOT:10.1109/TROS45743.2020.9340821.



