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Abstract

To address the decline in detection accuracy caused by blurred underwater targets and low edge
contrast, this paper proposes an improved underwater object detection model, DMS-YOLO. The
method first introduces a dynamic upsampling module (Dynamic Sampling, DySample), which
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reconstructs features by adaptively adjusting sampling positions to improve the recovery of fine-
grained details. Next, a dynamic detection head (Dynamic Head, DyHead) is constructed to enhance
the adaptability of feature representation from three dimensions: scale, spatial, and task. Further-
more, a multi-scale dilated attention mechanism (Multi-Scale Dilated Attention, MSDA) is embedded
into the C2PSA structure to strengthen multi-scale feature fusion. Finally, the Slide Loss function is
adopted, which improves the model’s learning capability for difficult classification samples through
a dynamic weighting strategy. Experimental results on the RUOD dataset show that DMS-YOLO
achieves an mAP@0.5 of 87.5% and an mAP@0.5:0.95 of 64.0%. The results indicate that the pro-
posed method shows improvements in the representation of blurred target details and multi-scale
feature fusion, while maintaining a relatively balanced trade-off between detection accuracy and
computational complexity.
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F1YOLO [8] R %1, K w7, 7EFRFAEE E BB E G e, B A P PR
Hy, BEH T SERAIAES . TER, YOLO RAUFFEEEE, FERE 5 HCR MRS RIF-F4, SN
B2 Ak H bRkl o) BB LA

ARG NI B M, O B 7 ANRRAE GRS 33 = WL LA R T 1)/ E b ) A 45 M 10T 55
D7 KR H ARSI 7 i30T 1 ek . SCHR[9]4% HH DP-FishNet, #J% 1 fli& Transformer 4= J&/& %415 CNN
JREBRE X AT S5 40, SR FHRFAIE AL & 0 B R R AP Ab BEBE U . SCHER[10]7E YOLOVT H15] A ACmix
B 4 JR R R ML, S8 Al A AR S T R R Ve SRR B ERE 7, AT B T Ao IR 5 3 R
Ak, SCER[LL]EE R K TN b 375, R YOLOVS-LA B, S8t 5] N EAL B B A H IR 45 &
CARAFE [FRFE, ARERTE 1/ BRI fe 5 S

R IR TTEAE— @R B3R T KT BheAmivERe, (HIER 2K F 350 B b 57276 B brd
WRAERE A E, HIENMIATRE 58, XN E bR 2 RS BRE AT, Xl SR R 7 FEAR SGTEAN 2
SN, ik, ANSCTE YOLOVLIn Bbfifs B3 H T — Rl AT IIAE L DMS-YOLO, AT 3= Bt i T
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(2) EFHIKE B ARKRE FE R AE AN A&, 5]\ Dynamic Head ZhZSAail kit M. 23]
FAT S =AY ERTRAAE AT B AS AT, BEsRAEARLTE /K H bR RUBE AR A0 ZU B R 3E B g

(3) ExI/NHbrZ RIS BRlG A7 7 (1 a) @, F i Y C2PSA_MSDA £ RUEVER k. il
Z REMIKE R WG A RS 548 5 SUE R, $Esd KB AN B AR 5] fE

(4) EEXTI SR B ME 3 FEA AN R B I0) 8, SR H Slide Loss #2 eRi . R4 27 TR BERE AL,
TRAFAR AL R UOHK N5t P LA SR ITA FFE AR, AR T M FEAR S iy R G 22, oD
A SR

2. DMS-YOLO E3%igit

YOLOvV11 2 Ultralytics 7£ YOLOV8 Zfitli bt — AU B Anar A, 78 ORFF 2 BAL I R I 587 1
R RE . HoR O B S 7RI S5 PR A C3K2 MR EAR R A 1) C2f £, LAY RIS 1E Rk g
F SPPF BB 5] N C2PSA B, @it 473 7 B 2 Ay MU s b SC R 25 (B4 B @ As s (R INEZEAR I S o
SINRFE R 73 &R (DWConv),  DAREAR THSIT 8 IF SR T HHEBL AR .

TEULEERD b, BEXE KNI 5 b B ARSI T G (401515 B & R RHIERIERE 1A 2 DL IR SR
ARIGEA LS S, AP —FIE T YOLOvV1In Bl 7K~ B AR A DMS-YOLO, M, D %
7~ DySample 325 FRAEREHAN DyHead Z0a 0l Sk; M % 7x MSDA £ REERZ KA = /ML S %R Slide
Loss 45 2 BRI X 2L B0 43 i) F T3 B4 (5 BRI RE ) $RTHEAY KR H AR FE MR AERE 1+
W2 RS RFAE LG RE 7T, JRPE mASE BT R RE A ¥ 2 =) e 18R g5 M an 1] 1 R .
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Figure 1. DMS-YOLO network architecture
] 1. DMS-YOLO Mm#g&h#s
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[RGB R I e 5 b

2.1. DySample &h7S SRR
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RHIE S I S5 S 2 REEFFERL &, (HH FRFE I AR 2 O [ e #1777, BRZ P RPAE A 1) B
NEEBLRE T, FERFK T e U SO & 2B A0 (5 B XM R BRIEZE 518 B H bRRHIER IE A 2
FLARA, TS M ARE AL /N B AR B A FE S AR PERE R I
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B, ATAEJ LA I T SO G 00N BB SR TR R B o & 12 B W AR Sy N R 25 44 F
IS T KA (i % 5 (sampling offsets), 4 T 284l CARAFE Z5 75 vk b 8 245 5 ARG R AT SR
DySample i AR SE M an 5] 2 FoR

sampling set

sampling point sH
generator
2
sw g
H grid sample
C SH C
W T sW
Dysample

Figure 2. DySample module
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RRIERIA T IME . [, ARdEEIRI SRS SINTURE SEE, MIMHI SR IERIERE ). 4t
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PEREMIE— DT .
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Figure 3. Dynamic Head module
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Hr, £ ()FRIxIEM, o(x) 3 Hard Sigmoid #uF %, S=HxW REAEMAER S5, C
EEIEYESE . %0 OB 4 R R AE AT IR AR A, SEIU AN R R FE R AE 1 B B VA
TRURFNE R mg S E W RTERIES Z ZFEREVLH, RETEBEEXE:
1 L K
;rS(F)F:IZZWWF(I;pk+Apk;c)oAmk (5)

1=1 k=1
Hrp, K RRWHCRFEA B NEE, p, +Ap R Z XM =, Am RALE p A H 5 ) HE AR
B, PE I F A 2R N RHIE 5 S 3 L e O XS A T R, A A
Ly R
FES IR ANE R ] 7o 18IS B A5 1838 A 1) SE I 43 28 5 [l VAT 55 B8 0 -
7 (F)-F =max(a'(F)-F, + B'(F),a*(F)-F, + 8 (F)) (6)

Hp, FOES cMEERRHEY A [al,az,ﬂl,ﬂz]T = 6(-) M R O BE BB R AL 2 A S TR
TER 4 J5 it A R A — 4k, S O R RS (R TE e R, SEIL 2 5 A AE B S0

JEIL 5] N Dynamic Head b, BEA 2% ) RBEIGN. 25 AN SAL S B ANER 1, BARERN XK R
SRR EE AR, A0 S0 K B AR in) B, RE 6% 50 RO SR U R IA CBERRAE, AT 35 12
FHR A B 5 R R A

2.3. MSDA % RE BT RDHE
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b SEKT BARKIALE . DG AT EAN L BRIz b, K FERGF /NS Z 2 TR
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Mk, ARSCAE C2PSA &5t i 5] N2 REREZ K & JJHL#] (Multi-Scale Dilated Attention, MSDA) [14],
MSDA (15 {45 Ky W11 4 FT s - MSDA ML (142 0 FEAR A R LA S R BB 2R (10 2 i 25 FR AT SR AR AIE
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Figure 4. Multi-scale dilated attention
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AMER 1k, BASK AT BN F FRAE T3 ) i AN KB AR FEIEIR R v, ST 2 RS0 H
k¥4 % 71 (Sliding Window Dilated Attention, SWDA), LAY 2 REERCZ S . BRAKE N r={1,23}, 57l
XA ZS RIS, AT SEBLR AR 35 5 42 R ilE R EAN, BRI R .

X ERAARFAEE T ARKR R (i, ) A, SWDA JEAS 5EARHEE T T A AL B R IR R,
TARALAE L (i, J) 9ot i) s B B 11 A B 3 0 B AN REAT T3 & RN wxw, EIKE N,
W2 5B R AE AL E (1, ) RS TR A

{WJwr=nmxny:hqxd,—gqus% )

AL T 6] B SRR KR SZ 57, FE AN N A VRO 5 150 R RIS 32 b R SCfE B TR e 1,
ST ALE (i, ) BT HUSE X, TS R R
X; :Attention(qij,Kr,Vr):Softmax(%]Vr, 1<i<W,1< j<H (8)
o KV, Eab H I K e B JR i S (B AR 4 o
FESLEERY I, MSDA 3E—3b 454 2 Sk iR A HLH] LASE I 2 FUSRFAE SR AL, i3k 20 1 it 43 ) A= ol
WL BEAE=AMRHEREREQ v KAV o FREHARFIEEIE R 73 n MER 1k, TR IERAEBSL 1 175
6] sh T SWDA #1E, JFREARFMEMKE r o &0 ASKiiH h 7T 2R
h =SWDA(Q, K, V;,r;), 1<i<n )

e NES TSRS, QL KV NHIATIZE | SKIRHIEE D) e Bn, B ARG RS WA
[FISRAR I 2 ROBEARRAE, 15 BRI SR BN — A A T AR E R -
X = Linear(Concat[h,,---,h,]) (10)

I\ C2PSA_MSDA J5, HAREN ARG & 2 REEE G, I—RTHRHERGEME 5 R, AR
AR T B SRS AR A ORI 55 58 45 R o IR OGRS R ' AN P4 55 i) RBURS 2 B L B 0
G, RN HRBUR AT 5 4R BN AR T L E AL RE

2.4. Slide Loss sk F#

FEZKN BARGI R, BEAAT i)™ R R PR RE . UIZREE i loU (195 70 RIEREAR RN
% 10U FRITR] L ATREACKA AR, T30 IE S8R (R R 4 7 R RMEL R P AS i F A s /N RUBEM A R 5t
WIS . IXRPEARRED, AXHERAI R I B R E L, SR, W TR rEAE R R B SIR, HAE
PR A 1 FARTTRR T SRR T, AR [P S AR, BRI AEREAS, TS5z ARE S, ROk
KB h 5 7 ARG SR

NSRRI, AT Slide Loss #2K B L[15], @I IET 10U BIBHASIIBCHLH]HE 52 A A0S ] A
AHIRE . ERTHITAREA 10U FIMELE Y B &N BE -

1 N
p=y 2oy (11)
i=1
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L, N RIRPEARLA, 10U, R | MEARRIZSIF L. p FIT B IERLPPAG 24 AU 2R dhs ) B A DL e it

e

E B RER 1 ) A PR K

DOI: 10.12677/csa.2026.164140 412 R HURLE 5 R


https://doi.org/10.12677/csa.2026.164140

1 x<u—0.1
f(x)=<e"*, u-0l<x<u (12)
e, X>

Horh, x FORFEARM 10U, 2 x AL T FHIX ] (10— 0.1, ) B, 0T B8 A EE DASRAL A T s 3T 5 X 41 47
FEA, PREFBEN 15 X T IERCEUF P IEREAR (x> u), HBEREE loU 3 KMHEHT =, LAp7 kgt
e

2 Slide Loss & XN :

Lsiige :%gf(xi)'LBCE(pi!yi) (13)
Loce (P.Y) =—[ y-log(c(p))+(1-y)-log(1-(p))] (14)

Fortt, p WAL | AT,y MBI ETIRAE, o) H sigmoid B, Luce (oY) 9
YRR o TR REARE A TRk R DAENAALE f(x), URICTH, 2
T G5 T ST 10U b T S X SRR A, 7 2R T AP T Bl P B8 7 0 S, A
SR TR 5T AR B e 8 e 15 RS

3. KWERE DR
31 sBWFAH

Fi A S5 HIPERC 4 NVIDIA GeForce RTX 4090D GPU (24 GB & 7%)#1 24 #% AMD EPYC 9754 CPU [¥]
SEIGSE & T . SRSy CUDA 12.1 Al python 3.10, V22 IHE4E )y PyTorch 2.1.0, B A SZikiy ok
R TRIIALE . fEVIZRBT B, FrA SNBSS — 45 640 x 640 155 . 4% K H SGD Ak #5125 300
B, HEK/ANEEN 32, WIMR%: 1% N 0.01.

3.2. WIESE

RUOD ##54E[16]2& KHIE K T B s i e, LT 2300, B85 T E P RBMTES . 1250
PR S MNEIDK PR HRER 14,000 K =G EG, W mk. EKR. E. M. e, BE.
W2 UL SRR EESE 10 NE WK T BAR 0. BUERE B AFKE. JCR A MnEERs, 29
s KT AR PR XS LLEE . B BIF AT T & H AR R AR R Z S5 s B B . AR SO
8:1:1 LA B AR B LK 73 AN R . SR E AR R R o
3.3. iHfrigkR

DA T PG AR I RS I I e, AN SR RS B R (Precision, P). 74 [11Z (Recall, R). 3515 FF (Average
Precision, AP) LK T~ 215 FE 21 (mean Average Precision, mAP), Z%i& M it 5 & GFLOPs 1£ 5y 3 54
febr. HAr, KRR T E NG RERYE, BREH T RREhE B AR E A I )

TP

Precision = (15)
TP+FP
Recall L (16)
TP+FN
XF TR0, AT VERE I IRE T AP BEATVRAG, E SCAKETE - H I (P-R)HI 4N AR 7>

THIAA -
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R,

AP=["P(R)dR (17)
AT AT AR LA BT A 28 AR MR RE, T XRE FEIME mAP & SCRATA N NSRRI AP T34
fH:

N
MAP = %ZAH (18)
i=1

3.4. jHRESELE

NYGHIE DMS-YOLO Sy & sl A Het /K T H bl M RE B SE PR DTk, A SCHEET RUOD #4215
TIEIT R RS2 5 . KA S NI YA L 23 5130 . M1 (DySample 3545 R FEREEL) . M2 (Dynamic Head
BN LABEL) . M3 (C2PSA_MSDA £ RUE 7 = J1BEH) il M4 (Slide Loss Hi 2k %) . SEie gl Rande 1
Fi7R o

Table 1. Ablation experiment
= 1. iHRh R

YOLOv11 M1 M2 M3 M4  mAP@0.5/% mMAP@0.5:0.95/% Params (M) GFLOPs (G)
% 85.5 62.6 2.6 6.3
V Y 86.7 63.2 2.61 6.3
3 v 86.8 63.4 3.10 75
\/ V 86.4 63.1 2.62 6.3
V \ 86.0 63.3 2.6 6.3
V Y v 87.2 63.8 3.11 75
V 87.4 64.0 3.13 75
\ v \ V 87.5 64.0 3.13 75

SEEGEE SRR, SIS R R A AR BE e 3R . 51N DySample 27 FRFERIHUS, mAP@0.5
Hi 85.5%%2 T 4 86.7%, Ui HA F & N AFAE B R RE U8 A UK R N KA F b R R gET 5 R, $RTHE AT
BN /K33 P BRI BE /7. B 4 Dynamic Head J&, mAP@O.5 %% 86.8%, JyRfbisil, 26 W]HAE R,
2 B B AT 55 45 P (M BN 25 SR R 6 3G s ST A0 B 4 37 e M IE RiME . N C2PSA_MSDA £ RUBEVE R IR
J&, MAP@O0.5 #2714 86.4%, 1t HA 2 1852 BFRFE SR BUH BY T3 iR S 415 5 455 B, TS FHRRAE 2
WIREST. (2R Slide Loss ik si%Us, mAP@O.5 #2714 86.0%, HARFABIHIM AN E /N, HHEAEL
B A R I R AW RIS, R R B8 IS 2 A B N MERE AR, BR8P AR AL 0T HEA5]
RS

TERSHLA & 9200, DySample 5 Dynamic Head B4 S, mAP@0.5 #2745 87.2%; #t—S 5| A\
C2PSA_MSDA JGiA % 87.4%. X4 PUMRH 4R R, A RE R, mAP@0.5 F1 mAP@0.5:0.95 4 5]
L F| 87.5%F1 64.0%. MR IREERE, BB MSHEHELN 2.6M 152 3.13M, 1HHEH 6.3
GFLOPs 1% 7.5 GFLOPs, {J3f 1 s A A AL 3 7 o

Z54M 5, DMS-YOLO 7EAT PRI S TF A5 38 IRl $2 7, SE8L 7RSS B2 (RS e $2 71, A bl [R) 1
PR BIAE KR /IS H AR AT 55 Hh BUASHAS JBE 5 52 2% P 2 TR R 4P, L mT A s 9 an ] 5 BT
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Figure 5. Visualization detection results
5. ATMALAMIZER

3.5. XFEEsCIg

AT VAL BT ) DMS-YOLO SHUALERDMIZK N HR A6 /N H brfar il 1A R, A SCHES— S5
AP T T RUOD #dl ST e T L siiie . BEHN M) AL S AR 25 U AT e i R B I 28, B 46
YOLOv5n, YOLOVSn, YOLOvV1ONn[17]. YOLOv11n[18]. YOLOvV12n[19], PLK%EF Transformer f) RT-
DETR-r18 [20], #&#i%47E RUOD %4 5 b ¥ix bb 45 SRtk 2 Fios.

Table 2. Comparison of different algorithms
2. FEIBEENXEE K

RGR EIL] MAP@0.5/% MAP@0.5:0.95/% Params (M) GFLOPs (G)
RT-DETR-r18 86.9 63.4 20.0 57.0
YOLOv5n 85.0 61.0 25 7.1
YOLOv8n 85.3 62.2 3.0 8.0
YOLOv10n 83.6 59.6 2.69 8.2
YOLOv1ln 85.5 62.6 2.6 6.3
YOLOv12n 85.4 62.6 251 5.8
DMS-YOLO 87.5 64.0 3.13 7.5

7E RUOD % 4E iy Xt Lh g k], Bt i) DMS-YOLO TERIIM: fE_FH AR T [F) 2R 500
RO R FR 7T, DMS-YOLO ] mAP@0.5 1% %] 87.5%, mAP@0.5:0.95 iA %! 64.0%, 54 FTH A H )
AR AT A7 =AY, DMS-YOLO 4% YOLOv1ln Al YOLOv12n 7 mAP@0.5 437l 7t
2.0%71 2.1%, 1 mAP@0.5:0.95 F A, RWFTHEHITIEE R 0K NI T BAA H R FFIER
K RE JTRTRT I B A

MR AR £ £ 4347, DMS-YOLO (IS %0E N 3.13M, BEi% T YOLOV5N (2.5M). YOLOv11n (2.6M)
J% YOLOv12n (2.51M), BT BB E N . [, HiH 88 7.5 GFLOPs, BT YOLOv1ln
(6.3 GFLOPs) A1 YOLOv12n (5.8 GFLOPs), & #{%T YOLOvV8n (8.0 GFLOPs). YOLOV10n (8.2 GFLOPs)
Al RT-DETR-r18 (57.0 GFLOPs)% & 76 !. Horr, 7fEZ4(Eim/NT RT-DETR-r18 (20.0M)HIIHHL T,
DMS-YOLO 137E mAP@0.5 -SE3L T 0.6% 11 REFE T, AAI HH FEAL A S H0R F R R B )
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NE— L T TR JNEAE AR KK T B bs B IPEGE, A SCH DMS-YOLO 5 5E 2k 1A
YOLOv11n £ RUOD #4i 4 +RK '~ HARKI T SHE FE (AP)EEAT T X EEI3HT, X B R0k 3 o

Table 3. Comparison of accuracy of ten types of underwater targets before and after improvement

F* 3. BUERIR KT BArkREE STEL

AP/%
SVEAR
corals cuttlefish  diver  echinus fish holothurian jellyfish  scallop  starfish turtle
YOLOvlln 787 96.9 93 90.6 76.3 80.6 76.5 78.8 86.6 96.9
DMS-YOLO 80.7 97.9 95.6 915 79.8 83.9 79.5 79.7 88.2 97.8

MERFBATT LG H, X TAAT NSO AT EE AR 0 B bR, SO RO R . 9] # 2K (fish)
] AP 1 76.3%4$2 T+ % 79.8% (+3.5%), ifFZ:(holothurian)Hi 80.6%%#2 T4 83.9% (+3.3%), /KEE(jellyfish) i
76.5% 3T+ 79.5% (+3.0%). XK H FRIEH R RN SR, 75 552 B7K R PR 7S G ARG
s, AT SNBSS ERAE S 2 RO S UNURIE — @ FE R B3G5 1 40755 SR A ) A 2 ROBERFE
Fikne 1, ANV RS TN W3 .

XTI A G5 A 0 BRA B R AR B B A, BEALRIRE R I AR e 2Tt . 9 i /K A (diver) 1)
AP ] 93.0%$2 T+ % 95.6% (+2.6%), 2 (starfish) i 86.6%32 T+ % 88.2% (+1.6%), #EAH (echinus)H 90.6%
PETHZ 91.5% (+0.9%), 3B 5 MY AE B A4 RS H AR IUARFAE SR IA J7 T B A 58 LF R . g

IeAh, ST BRI T EL R A DR FE R ) H AR, 0 S (cuttlefish) RV fa (turtle), AL PR4E—
ERTE, 5 (cuttlefish) i AP M 96.9%42F+ % 97.9% (+1.0%), ¥ fa(turtle) . 96.9%4RF+ % 97.8%
(+0.9%). [FJIS, FitH(corals) 5 fsi D1 (scallop) &5 H A RIS RS & 73 5 2 7 2.0%1 0.9%. & AK%E, DMS-
YOLO fEAN[A R FITEAFHERIK T B br B3R e e e Re o, U0 B BT th i et SR m& £ 52 20K
Nsoh B R IE M.

455 K%E, DMS-YOLO 7EA FRITFSITFA AT T, SEL /A IDRS B2 1) 2 2 32 T, fERSJE . S HOINE
SRR R 2 IS T R IX R BZ ALK B/ B AR ASINAT 45 A HAT 5 38 B R
5 SbR R T .

EaER

YOLOV11n |

DMS-YOLO |

Figure 6. Visualization detection results of different algorithms
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S, A

3.6. ARALSTHR

D ST B VA 2 R R R I R, G HOK R ELSE g 5T MR AT WA T B, ] 6 PR,
3R TR MR YOLOVLL kel 28 5 LA R A SC T2 ¥ DMS-YOLO A 45 2R . 7] LA i DMS-
YOLO 7& H bl R R FRIEEAR, 6% 58 dErfith A K TR B AR b Ik S iRt I %, BEE
LT ASCEVETE K T BORIR A3 5 AR I 34 5 B e

4, LEip

ERXS KR BARI A KR RE A . BIEMN AT RE AR 2 RE(E BRE AN 785 DR SR
10 SRR MERE A ST AS R S ), AR — P G A A 7Y DMS-YOLO. #%k, 51\ DySample 3
A FCORFESE, Gl BIEN EERAENE, R REGE T PR RS R IR E SR K
%, K F Dynamic Head ZhZSAGMSk, MR, 2SR5 =N FESHRFAEHEAT HE MR, DR THEAY
TEE 285 T IR Ik RGN, 3B H C2PSA_MSDA ik, 7£ C2PSA 4ikyh 5| A% R K E
BN, TG A FESZ B RE S, AfmmaExs 2 RS HbrrIRAERE J1: fea, 51\ Slide Loss, i@
IS EREARE, (AR Gt FE b 0 v R AR AS . 7E RUOD $idli 48 i sie g5 R, 18
I /> B S HC S E IS ETHE T, DMS-YOLO ] mAP@0.5 i£ %] 87.5%, mAP@0.5:0.95 iA %] 64.0%,
MRS LR IS — R T, S2MBUE AR L REIR, BB IR S 5 R 48 2 (M
P BN IVERE . Aok TAER i — D 4 SR80 SIBIE B R 5 071, DAIR R SR RRR I RE 1 7]
I JE— 0 BRI AR L 57 2% B2 1) ] B 1k
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