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O FNEEMIK T E SRR ETIES B/ D BRRE T =X MR, e Eiath, BUG A REM S DL R
SIS S FEU RS BRI A, 27 17— T oot YOLOv10s BN 7K iS4l 777 YOLOv10-MECAS.
TRV T AR A 5 Y 3 TE RN 4 (] B B MECAS (median-enhanced channel and spatial) , {8 H FR4G1E 1 [H] B
P MG A I 22 RS R SR URTHES B HERERE ;. SIATTYI2AAEH SAConv (switchable atrous convolution)
L 4 SCDown (spatial-channel decoupling downsampling) A [ 3x3 W iE AU E, 7570 75 18 KB BUZ R T a0
TP RT R, SOB R PO H AR RFERE 775 SR 2 T W I8 Je 30 K T BG83 5% UDCP (underwater
dark channel prior) X #4 £ B EAT 858, AL R, & EE & 2 H MPDIoU (minimum points distance
intersection over union) 1K, D HTAHEAZE SRS ERAIER K, e emtt, {BFRHKTRELS 5
TORFE S B B MR EAT TV . RN, EEMAIEE L, MR, BRZE, mAP s 4 AliA
F 85.7%- 81.5%- 89.7%, MILLIELHBAHDHIER T 6.4, 4.4, 5.0 NE s (EHGRAIEE L, ZEBREHZ. AR
. mAP,s A F] 86.4%. 82.6%- 90.4%, AHELELZLBIR R 1 3.3 2.1 48 NE b sl WAL REN, %0
FHE H IR B AR UK TR, BRI/ BARES R, "oRES B i se gt SO e
X928 A4 YOLOvIOs; /KT BAFER; E&E A4k, A K KT AR
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HEhr 5iRHREE.

AR N T K Tl 255/ B bkl &3k 320 8
8235 H bR I B3 0 5 1 U B 2 20 110 L A R 0 B9 1 e
KA, A48 H bR I 5 32 3 B T N S R FREH AR
MR EREE, FFiEId AR AT IR, B & B
R T HAR M vER I S0 EE, BEFEWRA
IR BAr @M, it SeEABARSE, M
BT IR H AR FRRIEAS B . IX SERFAERENS S ik H AR 4
PRI JE v, W EEIR SRR . fESCbR N
FVRIE W TG R IE R IR 71k, 45 BRI
Aoy 23T B ARAE I . BRSSPI R e AT R
b, 4 I A N BEAG HR BOK L FRAG 45 SRC, 7E
SR, AR G 2 8 F B ) Sobel BT A A
AR TESN EEG, 2K ik
AN RE, BUEES Hir. ZEST R
THENAL O 7T AT, R UG AR KT
B2 Hix, @SSRS IO ER, 3t
— B A0 AR BRI R A [ SO SRS SRR T KR i
Z skl . DA s ARERVER AL S B bRl %,
P ARH TN T L R R I T, AR R
Wy s S, AR TCE A N B R AT
RS, SRz ZE, SR,

biE N LR GEH AR AW D, EFRE%IME
P U AZ W 15 2k A E A, R R S AR
" 2% ( convolutional neural networks, CNN) H zf #£ Et 7K
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T HARRHEE S, IFE I 4B A A N 2% e
g 5 35 2] BARIRRE, 825 7 N TR s as T,
JE I B R A AL RE D A AR . R TAERAE E R,
BT IRBE S 21 B AR I SR 0E o R I B
Kl 5% (two-stage) AR Bk Il 57% Cone-stage) -
A & LA R-CNNPL Fast R-CNNPL, Faster R-CNN'?! £33
NG, BRI 55 43 o fige e DX IR BN 7326 2 NP BR;
Ja# LA YOLO!! #il SSD'™ 25 4R, H 3k HbR
KA REZ AL B ABFR TG TR X . Im ek, WA
N SRR BE 2 ST 67K R AR ) H AR RO T R &2
9t LIU &0 32 4 7 —Fffdi | Swin Transformer 1 Jy5
T M 2% 1) Faster R-CNN B8, RN T 3425 G W 4%,
7£ URPC (underwater robot perception challenge) % #f %
T 9 P GAE) 80.5%. SHI 25U Rty T — Fh 4
ResNet /£ } 1 T M 4% [¥] Faster R-CNN %, 45 & Bi-
FPN 45 1 34 5 S AiE 32 U E 77 F 2 ROBE IR R & B8 ) 48
H EloU # #5471 IoU, 7E URPC ¥4 b -F S48 B ik
31| 88.9%. HARPIP B H Arar il A A A MRS B B 2L
— R, AHE R EIE X B DO R 7 2 2 1)1
SRR AN MU B[R], A& T KR SERT RS IIAE 55 . AH B
ZN, B E PRI R R R R A
R, W E A K R SER AR AT S . LIS
YOLOV3-ST #58 thifit \ SEnet yER= JIHLHI, XK H 1
RS FE B JE BRI B T 22.3%.  YANG 251" LI YOLOV3
R A FEA,  FERFAE S IR 45 1 4T 45 1 il & 4 R i
SAEE, B3E 7K BARBIEAAE /. SUN ZHR BT
— Ft ] MobileViT{E A& T M 45 1) YOLOX 7K T H A5k
TAEAY, 3% 11 DCA (double coordinate attention) 15itk,
5 A JR AR AIE ) B2 B ) R B A 0> TR S
LI5S B T —Fh 2 () YOLOvSs 7K N i DU TR A,
15 5 AR Bk 22 SRR B B T, R RS B OA B
88.2%. LIU %" 4R T —F0S0lEf) YOLOVT /K F H s
Ry, 8IS G A REE ML 55k E M % L5,
B REEE T RAESR B BRI A I . FENG 2620
7E YOLOVSHE MY b 455 1 i B ml A28 T v A JUr 3 5 (1)
7 B) & R AL AR R, FEPRMZK T PR BH 4 b P 356
J 1% % 88.4%. ZHOU %Y 7E YOLOVS ##! & T 5
W Bt 2 0 SCISHCRT A% 25 ) P BB, 7E URPC 4
e BV EIRS LA H 84.0%.

JYE IR SCHR PR B 25 2] AR KT B ARkl iR 2%
W R, BRE S IGES BB S . B2
KOS RO — &K R A, R TR
VRN S G R SRR e A PO S S S sl TR
AHFFEHEH T BL YOLOV10s 2R 57 it i) YOLOv10-
MECAS #5484, 3@ it 15 v Hh B 38 5 ) 8 58 A0 = (B VE R )
it MECAS ( median-enhanced channel and spatial) ,
FE 5 N AT ) e 2 7 & AU SAConv (switchable atrous
convolution), &5&FIH MPDIoU (minimum points distance
intersection over union) 1K REL, ABIALK %S IH
BErilae 1, #— DS G5 TR EE LR K T B G
55 5075 UDCP (underwater dark channel prior) #E477K
TiEZEERERT, ALK TES HirEdE St
PR FEAT VEA

1 YOLOv10s &%)

7E HARKE Ak, YOLO R FIAR Y DL R 4 (1) A I 5k
FEFNHERR 2R EFR, AEANAFE T EITUR AR S HOR FH 55
I 8. YOLOv10s?! {4 Hh mf BA— s F2 b e ik 2 i
. MET DL F 1 YOLO R4 (41 YOLOVS.
YOLOV5) , YOLOv10s £ A i 45 5 AN 3 fE J 1 B 45 1
FUFHP . P28 S5 T I SR 2% A
Sk X 285 A8 . 3 X 28 A 250t ) CSPDarknet53 4
#1315 N 7 SCDown ( spatial-channel decoupling
downsampl-ing) #&4t, CIB (compact inverted block) 1%
HUAl PSA (partial self-attention) i3, SCDown it id
o RGN SC EE SRR, TR S A AT A B SRR,
BABERSHEIF R KNG BT . CIB IR A
4 o v IR BE G AR AN s B R T @ E s RS, AF
N AR K B ik N3] C2f (cross stage partial network
fusion) Mz . PSA BEBAK AR & 42 )R Ron 2 2]
REJ), HOR TABYMERE, 2k AR I (multi-head
self-attention module, MSHA) F1 5 %5t P 4% FFN ( feed-
forward network) A AZ O RRER s EETMNAR T
HAREA ML (path aggregation network, PAN) P4, i
= I T NN = B N T ] G2y a1 B o R =ty o
SRZRAEE, TG 58 7RE 0 2 R A e R, R
w1 /NS B AR ARSI ECR . YOLOV10 Sl 7E A = )2
FRIEE AT 5]\ SCDown FEEFI C2f CIB #Edk, 7E{LRFERME
Re Rl $E T 7 203 Sk 28 &t 7 O E AR 2 UL A
Wk, B[R] R FH — X — DG e A ) Sk A — X6t 22 DG e Ao )
ko — X —VCHAC ke S 7 AR ORME AN H] (non-maximum
suppression, NMS) Ji &b {H 2 S 8k AR (kg 2>, —
Xof 22 DG Sk T f36 A O dpe D10 G 8 L 364 o 4 38 ek [) A S S50
FEPO, YOLOV10s 45 & B st i, EilgdfEd, 7
FIH—X 2 LRI FE R EE R, RS,
FOR A — X — DUBCAS I Sk i AT 0, SEEW 1 A5 AN 2R A
FE R 0 IR 7 HEER R

2 YOLOv10s &8I K

LEHSE N 5ed, YOLOV10s 7R 7E — B 2 2
Ibo Flan, fEKTFIERHEEH, WSHRRE/NE S
FX WA, FNESZERESHES. ok, K
TR AR S B A e ) L, X S
YOLOV10s Xf7/K T ESEIA g2 HARTFIERPE R
AILLL YOLOV10s AL AIFE H T YOLOVI0-MECAS
KF HARK IR R, HW S E 1 s, H5e%iT
7 B A ) 3 T AN S (AR R B MECAS, Bk
ANE|FETF ML, MECAS #iHu i e bt (R B K T
KI5 B EARIE (S S RIS 2 BRMe s, JRdEd 2 REERE
LR THRERERE 1), IR R JOK FHEE 1
KrilgE 775 FLIR 51N AT 13 25 7 25 A SAConv" SR i
SCDown #EER 1) 3x3 BB, 16T KGRI R
IRTHE NP RS2 R, DU IR S V2 (M 44 H FR4FAE,
FETHBLARS S Y H AR RS IR FE ;s I J5 # F MPDIoU #t
2 bR B0 B P SR AR 2k BB B0 (complete intersection over
union, CloU), /b BT FE A 22 5 1 0K 5] ke i A I HE 2%
H, REBIERt,
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: k=3,5=2 v k=3,5=2 ! = f_ ! “—>  Concat }
I Conv l 1 \ |
! o =352 beeq ) v |
i ‘ . J i Conv !
| v »> One-to-one Head H ;=3,5=2 !
! ' Concat —————» C2f —_— i v |
| SCDown_SAConv i | .‘
[ i 1 } I SPPF i
! v ! > One-to-many Head H I
\ H Conv 1 ¢ |
i c2f H ;=3,5=2 i Conv |
! ‘ i T H k=1,5=1 !
1 1 ! |

] 1 1
~ SCDown SACowv || caf Coneat i Mool |
1 |
! v ! T v > One-to-one Head H v !
o el G oo car ; T
|
i i T ¢ > One-to-many Head i * i
| ] SCDown_SAConv i MaxPool |
1 1 ! + }
| SPPF i l One-to-one Head i Concat !
i : i ! i }
|
i psA i > Concat -_‘ One-to-many Head i Conv |
! ! i k=1s=1 !
i Backbone i Neck Head i & !
S el e e e e e e e e e e e e e L e e e . 4 1

. Split 74 #AF: Concat JyPHEIRIE; Conv2 d ABBURLE: kK NBBUZ K/ s JyP1E; BatchNorm Jyitt I —fL#fF; SILU ABOE K% MSHA A%
SkEER IS FEN AT MaxPool s KiMifb#{E: Upsample 4 b RAf#/E; One-to-one Head AH—%F—ILHECATISk; One-to-many Head JH— X
Z LAk ; SAConv Ayl V) IR E R MECAS Sy (i 1 38 24 ) FH @ v 3 iR .

Note: Split is the splitting operation; Concat is the concatenation operation; Conv2 d is the convolution operation; where & is the kernel size; s is the stride; BatchNorm is
the batch normalization operation; SiLU is the activation function; MSHA is the multi-head self-attention module; FFN is the feed-forward network; MaxPool is the max
pooling operation; Upsample is the upsampling operation; One-to-one Head is the one-to-one matching detection head; One-to-many Head is the one-to-many matching
detection head; SAConv is the switchable atrous convolution; MECAS is the Median-enhanced channel and spatial module.

B 1 YOLOvVIO-MECAS M %44 B
Fig.1 YOLOv10-MECAS network structure

21 MECAS f&#k Fiy = AvgPool (F) (D
R INHR IR IR DR —, et Hs F*_ = MaxPool (F) (2)

B 5 2R 0 JF S AR T N B i L,
F¢ s = MedianPool (F) (3

455 1 AT B4 . A SR L MECAS it ‘
P 0 7E A7 B PR 3 G A R A RTINS B 2) A AL SR8 IS 2 R L MLP
5h, ISR T % RE BB MR AL & R R gy (multilayer perceptron) , MLP £ 2 7 1x1 G AUZ A
I, WNTIT A SRR 7 £ M A A g ROLU R B 3. A 2223 Sigmoid 1 o Kt
1 HARIRIAE /7. MECAS BB sl ik i hyfn sy EPUDIERSIER P

SWALR N S BN ES 2 R e LA e = wakilh F = o (MLP(F, )@ MLP(F,, ) ©MLP(Fr, )  (4)
Bl REMSHLGLE T W AORHER R, MBI F AR 4o Siemoid M B AL
MURERMEMEE. REMTE 2 B 5> AR 5 IHE B 7L R,
211 BHEERE BEEBUHEEF

55 0 A R 9 WS 56 4 3 3 i A 5 P FaF (s
RIAERIIHER B, (LR EERFERENER 5 o smass
PRILZ. MECAS BB &ML 5\ 4 A (ESTAR IR TR SR, RO AE RS BT A2
WAk, LEATIMMRTAIBA, A AAERRAIE 3 R S P s AL (2
PRE BRI (S B o B R R AR T S Y A5 U 2R — ROBE B RO R B R Py L 2 B

D FINFHEEIF € R 2k P iifl. (AvgPooD) R ZRISCER, &5 Bl EOR SO NIk,
A E 4k (MedianPool) F# Kih4t, (MaxPool), 15 MECAS HR A = [a)vE 2= IR 2 RE IR S B kA1
B 3AMEMARF Ly Fros Fregme SNSRI T ANTR]ROBE R 8] R AEAS U2, AT B TH A 2R 56 1 4 H b
RO, FIRSE I 8 7 DA RO B o dl i 22 R 26 AR SR A A 1 B 2R
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B TENE R I, B2 5 IMBUS BURAIE B A e 15 2 4ai th
AR 2 (R AL B AR 0 R

D) B NIBURFAE R F @ —A 5x5 BIREZGHUZR IR
BOERERFAE, AR RS RRE SRR PRI E
FROBERFAEIF AR, B8 el id 1x1 AR )2 A2 B TR KR AL

F =01, D(Ds(F)) (6
At DR N BRI B BURAE, | B,
n BN
2) ¥4 % A P 5 D BCRHE B F I, 504
HIAFIERF

K F, F' =FQF (7
, AT T T T T T T T T T TSI TITITITITITITEITTET TS N
’ JWIEEES \‘
L
i 1
| I
I
I
MaxPool 1 s
| HBURHAE I F
| A s "
| At RRAE LY
| @ |
[
] —>
X 1
I II | i
1
y |
HINEERE P \ AvgPool ety - Jas ) 4
2 e ~
N e e e e e e e . ‘ AR “
= = '
i L !
! = Multiscale| |= ><> I
ISR B 1 |g[ | deptheonv[ LR :
: O O |
I
'\ 2 [ RFIE B FS |
iy ,I

______________________

¥E: MaxPool Ak Kitib#E4/E; MedianPool A {EIBALIRIE: AvgPool J-F¥ilfb#:/E; ReLU, Sigmoid MG K%L: Multiscale depthconv Ay % EERFE

BRI © NRHMEEATINERAE; @ ARFERIFIFeRE

Note: MaxPool is the max pooling operation; MedianPool is the median pooling operation; AvgPool is the average pooling operation; ReLU and Sigmoid are activation
functions; Multiscale depthconv is the multiscale depthwise convolution module; @ is the feature map addition operation; ® is the feature map multiplication operation.

B 2 MECAS #k2:# A
Fig.2 MECAS module structure

2.2 SAConv 1&E3

& 45 25 AU I 2 BT | ] 5 B R K/ e, B 5
W% Jm 3 A% 18] (R AE4S B . T SAConv i HLE T 51 A3
AT HUR, 70 AR ) A N AE S AS 5] ) 2 3 2R 3k
7B, BB EBCRBA ARBRLE R, il
P RGBIRMEMBAZET, i3k RGBT H bRRrIE, 32
THE A R IE R ILRE 1. BT b, A UK SAConv fRHR
B4 SCDown BLHL 1 (1) 33 (L G B FA M B, MRk T
& G5 26 R 2 34K F 3 5 RS2 BURRAE A 78 40 16 1) f8E
SAConv BRI 2R K H 3 AN T E R k. T ) e iR
BRI DL L B IN£E LR R 0 2 4R B SR, %
REERIINE 3 s . SAConv A FoRn A

y =S (x)-Conv (x,w,r)

(8)
+(1-S (x))-Conv(x,w+Aw,r)
Input—t t— Output

[IESS NS ;S

Pre-Global context

YRR

Switchable atrous convolution

S e S 57K
Post-Global context

e s WA S NITREHL

Note: r is the dilation rate; S is the switch function.

B 3 SAConv #ik&ZME
Fig.3 Overall structure of SAConv

APy KR N A RFIEE],  Conv (x, w, r) KRB E
HAw, TIRNrERIEE, Ao NITIIGRUE, S ()
SRl AN [F) 23 e A5 R 45 R T R R 3
2.3 N FHEEYIHKEE MPDIoU

15 B AR IUAT 25 A, 458 2 BR B8 A TR0 v 0 A &5 SR 1
WA B, H 3 E IR & @ A BIHE 5 &
SEHEZ [A] (07 B 75 S, S A9 A5 Y e 8 A Rl B 2 00 T S AE
A TUIIHE, AT 2 FHAS I B EE R 7 . YOLOV10s
HFEI# CloU #15<i%, BT CloU 7EALFEAE LI 4
A XA TG, FTRE SR E RAR S IhA,
TESEBRAT % S, FEA Z 18] 1) 22 S P55 L ma 50K
A A5 A5 0 X DU o 22 BE AL GRS DU B AR 2R AT B I N
T 17 e B AY (K SO . AR X B R, A OB
CloU ##:y MPDIoU, A RekE T RFEA 2 S Pk K it
RHIREIHE G B, $ i AL () & 4% % . MPDIoU 5] A\ &
AN R A0, XK R EOIAT T E R e,
o0 JEAER BB TN 32 FAE 5 B SAE M 22 B A FIA T A
Z AN fe s RBE Y o XA TV T B R MR E B
fEfHR AT R B S Ak, RS B A HE MK NS H b
LRI R . MPDIoU [ BARTHE T -

&= (b =x) + (=) (9)
& = (=) + (s -y2) (10)
MPDIoU = AnB di & an

+
AUB w2+h? wr+h?
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KPARIRELHE; BRARTNAE; (xf, ). (x5,
Vo) AN ECSERELRE BRI R s (X, yE) L (X,
V3 RN TRIINELR EAEA A dONEEL B2
BEEE; NWHEL A2 RIS whAKREE; N
B & NRRTEEBHR; URRIHEIEH.
24 KTE&IEEEL UDCP

BT K LR RIS BUSTER, KT BUE o 2
EULH TR BORRE ] RO S ), XL
I 70 3N T KR E ORI R, 5 ORI AR Y AR
FREH AR R AR B G 5K Ph k. Rk, AR ST
BB e 4% (dark channel prior, DCP) ! Btk
@B AR UDCPRY 38K R IE% .. DCP &yEF|
FHIE @ T8 Je 560 7 VAN T U IR S 2, AT S HATHT 55 14
K& E . (524 DCP Bk T/KFEER, /=4l
JEE S8 5 (1) W) f . UDCP 5355 FE BITE K R B ek
%, a6reEZRAER I, MET e ME A B
BZER. Fik, UDCP FikiEid & IELaeizm, ik T
EMG R 2R . UDCP Bk, WS IEIE A & s ol
ZE{aifiE, UDCP HiERSIEE R E W T

JU“?(x)zlnnl(nnnJCg») (12)

yeQ(x) \CeG,B
A PP ()RR E x AR EIEME, JO)RRE Y
A B IEIEE (G B2 Bl RoR S B (i) ,
Q)2 E X LLx g p) R Es X k. UDCP Bk s T
DCP S35 1E S R AT, FREN XK G R dtAT
T HaE R TR

;Kx)zl—nﬁnGnmlcoa) (13)

yeQ(x)\ceGB A€
KA KRAeE, FRENMFEEENGRE. KA
A1 UDCP Fikab 2 2 5 B xf than & 4 o, oI LUE
i UDCP HEfEK T BRI LB B 32 7, (615K F
B 2075 S g i, WAL SRR E N, Yk
5 REMA S X5, LA R T#TY0 H Al .

=, F .
- -

a. J& b. UDCPS2H 58 2 Ji (¥
a. Original image b. Image after UDCP algorithm enhancement
B4 KTFRELSMEELEGS G
Fig.4 Comparison between the original underwater image and the
enhanced image after algorithm processing

3 HWSHERNT

31 RAWEE

TECEAEE 7, 14T 24 GB 2471 RTX4090GPU,
FEIC AMD EPYC 9 654 ZbFE3% . MR, #1ER
4ty Ubuntu 20.04, ¥ %% SJHESE N PyTorch, BCE N
PyTorch 2.0, Python 3.8 Al CUDA 11.8. llZxidfed, &
fL N 200, batch size W BN 16, K SGD L1k 2%,
I %% 21 2R 0.01, FF1F OneCycleLR % Bg T i A

0.000 1, BLEIERRECH 0.0005, ZhEH 0.937.
32 KT 5SEGHESE

AT AT B B D 4 B 4R A B B SRR TR T
I 3k X B IR KPR IR A E KR 5 m i s i)
152 B Fr 5O I 37 Mo WU R0 H e ot P A O B R
% % KB Osmo Action 4. TEEIE RS, K
Ky 7 EME R RS E v, 8 e DR K BB Sk B B i R BN
R o

HREHEZEEG LI 20, BAREIELT
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Fig.5 Example of underwater sea cucumber image dataset

3.3 HiERR

AR ARARR ARSI (P, ARIE (R, F
YIREFE 35 (mean average precision, mAP) . JT 75 % i1
1Z54) (gigafloating-pointoperations persecond, GFLOPs).
SHCE M (frames per seconds, FPS), 5 1F:

P= 14
Tp+Fp (14)
Tp
R= 1
Tr+Fy (15

%Y, Jy PRYAR
N
ot T RoRIERL DA ife 2 H 52 bR il 2 R AS
i Fp 1N N2 B AR E bR IR 2 IR AR
B Fy NRRBEACR BRI A S B AR AL g S
PIREAKCR . NoRIE R, N=1.
34 EERNERIGEIRLE
I AIE A SR HY ) MECAS R E (A8, HEATVE
B ke . ARSI 4% LSKA (large selective
kernel attention) « CA ( coordinate attention) . ECA

mAP = (16
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(efficient channel attention) {EA%fEEAHL, L YOLOv10s
Jy Ak 4 BT, MECAS B B f xf b AR B i A
YOLOv10s [ [F]—fz BRATIAE, w3645 5 WE 1 i,
SRR, #\ MECAS U5, #RE P. R\ mAP;
RIER]T 84.3%. 82.6%. 88.3%, fERIAIZEE Mt
HiES YOLOVIOs fREFFF-FIIE LT, X L8 fs bl i il
TRHEE . [ 6 5 YOLOv10s #5 8 RAnAS [F)7E
BB EX G, R T A EE B IR E R T
KNS EUE N B EARX R Bk . TR REAE
B, EBLA S H A X B AR Z e
LSKA fHe B ARG S: H AR XSG 0 7 yE 5, (HARE
EAN ST S HHTIX . ECA Ml CA filhfE —ERE b
X7 T Hir X3 5, H5 MECAS Bk, X H
PR X 3852 BL (R IR 2o BRSR CA Fll ECA B
MR ERAA T RS, FEZMERESE S F
H bR X3k, (EAT SRR T 5 — (15 B AT RS2 L,
Bz 2 RERERE B @A, 58080 M6 A 1.
LSKA 55 )y 75 1 5 2% (6] J% 52 B, ] DL S 4 b RS 4L 4%
HARMMIEE R0, H2 K PSS TR, 5
iR ERA L, MECAS BB 2t R 7 g it
B K IR EE R (g S sz . AN widk, MECAS
PEER T K MBS 2 RERHEG S, @7 1 18 8
2 A P BE B AR O R . [RIE, MECAS AR HEE i o6
HK PSS ERXE, R TS T, 5 7a
KB
F= 1 EEERSTLE

Table 1 Comparison of attention modules

SR E =

117 Model PI% RI% mAPy% P;fé‘jM g;l%lﬂgs
YOLOv10s 793 77.1 84.7 8.06 24.8
YOLOvV10s+ECA 839 805 85.9 8.16 25.4
YOLOvV10s+CA 83.2 804 85.3 8.10 249
YOLOvV10s+LSKA 83.1 80.6 85.2 8.06 24.8
YOLOv10s+tMECAS 843 82.6 88.3 8.06 24.8

P ARSTR: R ANHIEE: mAP s K IoU B{ERZ 0.5 (¥ 5 B
loU A e

Note: P is the precision; R is the recall; mAP, s is the mean average precision when
ToU threshold is 0.5; IoU is intersection over union.

o

c. YOLOv10s+LSKA

a. Ji A

a. Original image

b. YOLOv10s

d. YOLOv10s+CA e. YOLOv10s+ECA

f. YOLOv10s+tMECAS

B 6 YOLOVI0s ifohn KR iE % 7) 42k 4 7y B 25 o
Fig.6 ' YOLOvV10s model adding different attention modules
heatmap comparison

3.5 KRB IILLIRIE

N T IR A S e O AR A S, W T
0 B B HEIR S, X YOLOV10s B 46 CloU LA K B
H (45 K3 EloU. GloU. DIoU. SloU F1 MPDIoU i
ITXF LIRS, 45 2.

5% F R a1 A 45 2% B8 %1 CToU. EIoU. GloU. DIoU
F1 SloU #HEE, 5IAMPDIoU HikefdimfiEty (YOLOv10s+
MPDIoU) 7E mAP, s ¥ & LA E] T £ &1l 85.6%. 5J&
R (YOLOV10s+CloU) #HEL, mAP, s F1 mAP, 5
S HRTET 0.9, 0.3 ANE
F2 FE loU itk HHAER M AERTEE

Table 2 Performance comparison of different IoU loss function

models
74 Model mAP,5/% MAP5.05/%
YOLOV10s+CIoU 84.7 56.3
YOLOv10s+EIoU 84.7 56.7
YOLOV10s+GIoU 84.9 56.8
YOLOV10s+DIoU 83.8 56.2
YOLOV10s+SIoU 85.0 56.6
YOLOV10s+MPDIoU 85.6 56.9

W: MAPs 005 9 ToU BIME S 0.5-0.95 T 25045 B 241K

Note: mAP, 5.5 is the mean average precision when IoU threshold is 0.5-0.95.

3.6 HERIAIE

N7 HAE YOLOVIO-MECAS #A14 — 4b it 175 %%
PE, TEAH A ARG IR B8 T OT R AR e, 45Kk 3 fr
TNe IR 1 R, FRZBAE RN K T B LI B i
ZHPRIERER Z, R 2EETMEZEFHRANT
MECAS 8, AL Fak5 1, W36 2 9 P. R. mAP,;
SR T T 5.0 5.6 3.6 NH M. MECAS i il 5k 72
T 45 A v (i 1Y SR R B R A ) R AR,
Fo B G 75 1 [ ) I B 3 5 A IE R R, B R AR
JKTR E b A5 A A RS B A S . 158 3 9INT
SAConv % Bt % #t SCDownfb £t 1) 3x3 & il 45 A A B
TR 1, R5 3 1 P. Ry mAP,s 2 BIIRTF T 3.3,
3.0~ 0.7 NE4T . SAConv FRELY KGR ERE A2 BT
T 3R K B B bREFAE. 5 4 SR MPDIoU fE A
YOLOvVI10s f i, ML TR56 1, X5 4 19 P, R.
mAP,s 7> HIHRTHT 2,61 3.0, 0.9 N4 5, MPDIoU AJ
DA R0 R R A 22 S 1 KT 36 e PO R I AE 2 B, 32
RS . W56 8 BRI MECAS R ik N 3= F W 4%
AR5\ SAConv #EHL AT MPDIoU 52k B % AHHL T 4%
1, 5% 8 1 P R. mAP,s AT+ T 6.4, 4.4, 5.0
By, R REY, YOLOVIO-MECAS H kb
B SO0 T /K R s rh A 2405 5ORE bR RS S5 9k AR -

=3 HEMIRAIETEEER

Table 3 Comparative results of ablation experiment

J¥%5 No. MECAS SAConv MPDIoU P/% R/% mAP,/%
1 x x X 793 77.1 34.7
2 v x x 843 826 88.3
3 x x/ x 82.6  80.1 85.4
4 x x \ 819 795 85.6
5 N x/ x 85.0 80.9 89.2
6 \ x \ 845 824 88.8
7 x x/ N 82.0 805 86.2
8 \ \ \ 857 815 89.7

TE: NFORMH %l <R ZE: SRR YOLOVIOs.
Note: \represents using this improvement; x represents not using this improvement;
the baseline model is YOLOV10s.

3.7 JRIGEURE _EXTELIRLE
NIEIE YOLOVIO-MECAS BRI L3y, A A (A
FHA A S HECE T, B IH 5 Faster-RCNN. SSD.
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YOLOV5s. YOLOv7.YOLOv8s. YOLOv9s LIYOLOv10s.
YOLOv11s 75 JE 4 5udi 4 E k47 bk e . R 5645 - dn
x4 R

% 4 AT LLRHL, YOLOvVIO-MECAS HH#: T K itk
) YOLOv10s 8, EANFEEMA M, HESHE
H 2 K BARAFF R 46 1E T mAPy s #2517 5.0 N E 2 e
S H A AR AR EL, YOLOVIO-MECAS i RiE 2 5 .
5 Faster-RCNN. SSD. YOLOv7 M &, YOLOv10-
MECAS TE/D i H & 5 S HER R, mAP,s 73l i
F7 165, 154, 6.1 N H 4 . YOLOVIO-MECAS 5
YOLOv5s. YOLOv8s. YOLOv9s. YOLOvlls #itL, &
BEMTEEHHZEARAK, mAPs 2 MIRTTT 5.5, 5.3,
58. 4.6 NE . HILIER, YOLOVIO-MECAS % {4
PEREAL T HoAdN EEAE A . JFaR B AR T, P-R & Xt bk
e 7 B, WAES T YOLOvV10-MECAS fEF & 7
AR, 28 b, 38Rk A RS B2 5 1 SR RCR 1)
255 1R, YOLOVIO-MECAS 5 324 7K H FRa il i 52
NP

F4 BREBEETARERM T LR
Table 4 Performance comparison results of different models under
original dataset

B L DHE IHE  WE
Model Pl% RI% mAPo% o ams/M GFLOPs FPS/(lis™)
Faste-RCNN 752 689 732 4130 2514 13.5
SSD 793 672 743 26.30 62.8 293
YOLOVS5s 80.9 793 842 7.20 16.5 150.8
YOLOV7 79.7 78.7  83.6 3649 1035 101.2
YOLOvSs 81.1 79.7 844 1120 286 120.3
YOLOV9s 80.1 78.5 839 725 26.7 170.6
YOLOvIOs 793 77.1  84.7 8.06 21.6 255.7
YOLOvlls  81.8 789  85.1 9.4 215 181.5
YOLOVI0-MECAS 85.7 81.5  89.7 8.07 24.9 235.6
1.0
0.8
£
5 061 yoLOvI0-MECAS
& ——YOLOvl1s
B ——YOLOVI10s
& 041 YOLOv8s
i —— YOLOVS5s
YOLOV7
02— YOLOV9s
——SSD \
—— Faste-RCNN AN
0 02 04 06 08 10
A [A] % Recall

B 7 RAEEEET RRAER 69 P-R &3t
Fig.7 Comparison of P-R curves of different models in the
original dataset

3.8 ERHIES L3TEiIE

IK R 62 UG AF AR AR B FE A€ R 2 L 1) A, 3K
S S EEMGIGE W N, BT AR MR . ek
X — A, AR A UDCP IS 38 5 5k 6 S dh 2 s
ST AR G AP S . RS AR AR b, (FH S
F 4 M PRBSEEAT X HREE, R Rk 5 PR,

PR 5 I 45 KT LA H, YOLOvVI0-MECAS
75 3G 5 A P 4E B B AR T AR WAL AL, YOLOv10-
MECAS 5 Faster-RCNN. SSD. YOLOv5s. YOLOv7.

YOLOv8s. YOLOv9s. YOLOv10s. YOLOvlls #f k.,
EZHEAEEHARBPIET, mAP HHERS,
SrAIRTET 1610 154, 55, 59, 5.2, 6.1, 48. 434
By A, W BIEET, P-R &R IS E 8 Frax,
IEMH T YOLOVI0-MECAS 7% & J T ey T %o LR 7Y

x5 EBEIEE T AERAMEEX SR
Table 5 Performance comparison results of different models under
enhanced dataset

1) BEE
bty Pl% RI% mAP,s/% At

HHR bR

Model Params/M GFLOPs FPS/(1i-s™")
Faster-RCNN 759 69.4 74.3 41.30 251.4 11.9
SSD 79.5 67.6 75.0 26.30 62.8 28.1
YOLOvVS5s 81.3 79.5 84.9 7.20 16.5 147.4
YOLOvV7 80.7 78.9 84.5 36.49 103.5 100.1
YOLOv8s 82.9 80.1 85.2 11.20 28.6 117.5
YOLOvV9s 81.9 78.6 84.3 7.25 26.7 173.4
YOLOv10s 83.1 80.5 85.6 8.06 21.6 251.3
YOLOvll1s 83.9 81.2 86.1 9.4 21.5 176.3
YOLOvV10-MECAS 86.4 82.6 90.4 8.07 249 231.9
1.0
0.8
8
g 0.6 — YOLOVI0-MECAS
& —— YOLOvlls
£ —— YOLOv10s
& 04— YOLOvSs
ﬁ'ﬁé —— YOLOVSs
7 YOLOv7
0.2 F —— YOLOV9s
—— SSD
—— Faster-RCNN
0 0.2 0.4 0.6 0.8 1.0
A [H]#Recall

B8 mMIEE T REAEA 49 P-R th &AL
Fig.8 Comparison of P-R curves of different models in the
enhanced dataset

GGk 4 IR S 4R T, YOLOVIO-MECAS 5
N LAY AE 3 5 O 4 B 1) mAP, s AH LU R 4G50 23
& Fk. H K0 5, Faster-RCNN. SSD. YOLOvVS5s.
YOLOv7. YOLOvVS8s. YOLOv9s. YOLOv10s. YOLOvI Is.
YOLOV10-MECAS (1] mAP, s 5l #& 7+ 7 1.1, 0.7. 0.7+
0.9, 0.8, 0.4. 09. 1.0. 0.7 NHrLb. X—555 KK,
BG5SV AE K T B AR AL AT 25 B B B R
YEH .

g b, ARSCER M E bk B A 7 3G aR R R R R
PO T 5 45 B A ar A AL i 14 R AR 35
3.9 HEBE MR R IE

9T BAIE YOLOVIO-MECAS 7 S A& i A i) 250 8
PRI UE AR UG AT A I B8 0E, AT AR Wi 9 T w
ATLAE Y, YOLOvV10s 7E7K T2 BHG HHE 5 Al 4
AR, JCIAE/AN B AR IAN H AR HESAE 0L T s ™ &,
B AR TR BRI, M2 T, YOLOvIO0-
MECAS 7E Ji 45 £ 4m 42 F 3 om0 s 2 3 R 4F R I,
FEALFR/N HARKT I, 248 HAR A LA AR S5 E 0R
Wy et R H AR R R . RIS 4 A e T ek
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FEAR 2
Sample 2

FEA 3
Sample 3

JR Ori:gina] iage .
T O NRIGEIRSE, E NnREEEE.

Note: O is the original dataset; E is the enhanced dataset.

b. YOLOv10s(0)

o
YOLOV10-MECAS(E)

YOLOv10-MECAS(0)

B9 YOLOv10s 5 YOLO-MECAS A 2CR
Fig.9 Detection results with YOLOv10s and YOLOv10-MECAS
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Detecting underwater sea cucumber in marine ranching using
improved YOLOvV10s

LIU Zhenlong? , WANG Ji>** , MAI Rengui'”

(1. School of Mathematics and Computer Science, Guangdong Ocean University, Zhanjiang 524088, China; 2. School of Electronics and
Information Engineering, Guangdong Ocean University, Zhanjiang 524088, China; 3. Guangdong Engineering Technology Research
Center for Smart Ocean Sensor Networks and Equipment, Zhanjiang 524088, China)

Abstract: Sea cucumber is required to accurately and rapidly detect under the underwater complex environments of ocean Sea
cucumber is required to accurately and rapidly detect under the underwater complex environments of ocean ranching. However,
the small size of the sea cucumbers target is difficult to distinguish from the background. Particularly, the challenge of
detection can also be found under the weak lighting, serious noise, and occlusion due to the overlapping sea cucumbers.
Therefore, this study aims to propose the YOLOv10-MECAS model improved by the YOLOv10s baseline to enhance the
performance of detection. A median pooling enhanced channel attention and a spatial attention were used to design the MECAS
(median-enhanced channel and spatial attention) module. MECAS effectively retained the target features and reduced the image
noise. Sea cucumber features were then captured using multiscale depth wise convolution. Additionally, the SAConv
(switchable atrous convolution) module was introduced to replace the standard 3x3 convolutional module in the SCDown
(spatial-channel decoupling downsampling) module. The receptive field was expanded without increasing the convolution
kernel size. Thereby the model was improved to capture the features of occluded targets. An enhancement algorithm was
employed on the underwater image using UDCP (the underwater dark channel prior). The dataset images were enhanced to
significantly optimize the contrast for the high image quality. Furthermore, the MPDIoU (minimum points distance intersection
over union) regression loss function was adopted to reduce the distortion of detection boxes caused by large sample variability.
Thereby the robustness of the model was enhanced. An experiment was carried out to evaluate the performance of the improved
model. A dataset of sea cucumbers was sampled from real underwater scenarios. The experimental results show that the better
performance of the improved model was achieved on the original dataset, with a prediction precision of 85.7%, recall of 81.5%,
and the mean average precision at loU (intersection over union) 0.5 of 89.7%, indicting the improvement by 6.4%, 4.4%, and
5.0% over the baseline model. Compared with the comparison models Faster-RCNN, SSD, YOLOvS5s, YOLOv7, YOLOVSs,
YOLOV9s and YOLOV11s, while maintaining advantages in terms of the number of parameters, GFLOPs (giga floating-point
operations per second), and FPS (frames per seconds), the mean average precision at IoU 0.5 had been improved by 16.5, 15.4,
5.5,6.1,5.3, 5.8, and 4.6 percentage points. On the enhanced dataset by UDCP algorithm, the improved model was achieved in
a prediction precision of 86.4%, recall of 82.6%, and the mean average precision at IoU 0.5 of 90.4%, indicating the
improvement of 3.3%, 2.1%, and 4.8% over the baseline model. Compared with the comparison models Faster-RCNN, SSD,
YOLOv5s, YOLOv7, YOLOvS8s, YOLOv9s and YOLOvl11s, the mean average precision at IoU 0.5 had been improved by
16.1, 154, 5.5, 5.9, 5.2, 6.1, and 4.3 percentage points. The MECAS module into the YOLOv10s also outperformed the
combination of current mainstream attention modules, such as LSKA (large selective kernel attention), CA (coordinate
attention) and ECA (efficient channel attention) in underwater sea cucumber detection. Finally, the experiment verified that the
YOLOv10s with the MPDIoU also performed better than that with CloU (complete intersection over union), EloU (enhanced
intersection over union), GloU(generalized intersection over union), DIoU (distance intersection over union), and SIoU (scaled
intersection over union). Consequently, the detection accuracy of small target sea cucumbers was effectively improved in
complex underwater environments. The finding can provide a theoretical basis to detect the sea cucumber during harvesting.

Keywords: sea cucumber, YOLOv10s; underwater target detection; attention module; loss function; underwater image
enhancement
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