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Improved YOLOV11 lightweight underwater biological
object detection algorithm

Guo Wenhao Hao Bin Zhang Fei

(School of Digital and Intelligent Industry, Inner Mongolia University of Science and Technology, Baotou 014010, China)

Abstract : Underwater biological target detection technology is of great significance to the development of numerous fields, such as marine
ecological protection and fishery resource exploitation. To improve the accuracy and speed of underwater biological detection and address
the high parameter count in existing models, a lightweight algorithm, YOLOv11-PiA, based on improved YOLOv11, is proposed.
Firstly, the C3k2 module is improved by introducing partial convolution ( PConv ), resulting in the C3k2_PConv module, which
effectively reduces the model’ s parameter count and computational complexity while enhancing detection accuracy and speed. Secondly,
the C2PSA_iRMB module, which combines the C2PSA module with the inverted residual block attention mechanism (iRMB), is
proposed. This module strengthens feature information at multiple depths to enhance feature representation, thereby improving detection
accuracy. Finally, the traditional convolutional downsampling module in the baseline model is replaced with the lightweight
downsampling module ( ADown) , further reducing the model’ s parameter count and improving detection efficiency. Experimental results
on the RUOD and DUO underwater biological datasets show that the proposed YOLOv11-PiA model achieves mAP @ 0.5 values of
85.6% and 82. 6%, with frames per second (FPS) reaching 97 and 116 fps, respectively. Compared with the original YOLOv11n
model, YOLOv11-PiA increases mAP@ 0.5 by 2. 8% and 2.3%, and improves FPS by 9 and 13 fps, respectively. Meanwhile, the
parameter count, floating-point operations per second ( FLOPs), and model size are reduced by 29.8%, 22.2%, and 29.1%,

respectively. The comprehensive performance of YOLOvI1-PiA outperforms mainstream target detection models such as RTDETR and
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YOLOv12, enabling fast and accurate detection of underwater organisms.
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4090(24 GB A7) ,#-EZR S K Ubuntu 18. 04, 4 B 35
4 Python 3.9, VR i % 2] HE 42 3% 1] PyTorch 2.0. 1, CUDA

AN 11,8,
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16, VIZEH 2L (epochs) Ky 200, Y112k B 15 A 5 AR ( img-
size) 4 640x640 pixels, A1 25K SGD b #% , w1 th
57 2) A0 0. 01, SRR AR (E Y 0. 937, AU Ik AR KN
0. 000 5,workers 47 16,
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Fig. 8 RUOD dataset sample diagram
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parameters, Params ) | 7% & 15 5 & ( giga floating-point
operations per second , GFLOPs) | i1 ( frames per second,
FPS) YA MAETI K /N (model size) 252 TPEM 8 bR AT 5L
RIVERE, DLR 2k SeiPMN e bR iy Bk X



% 6 1]

Pt YOLOvI P52 Ab/K T A=) B AR K vk - 109 -

K9 DUO Bl fErEA K
Fig. 9 DUO dataset sample diagram

A 11 325 SO R E B A 3 ok 1 H AR g i 5 B

A BRI H A, THEA R
TP

R=1p v Fn (5)
Arpr. TP SRR BB IE R R i B AR ; FN %R
TR ARSI R i) H R AR, BV I AS 2R

SEERERE R PR O 5 A A il R R i) TR, ROR 7E
AN BT 28K T A BE -3, TR A 0

AP = [ P(R)dR (6)
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WRFERBIRITE RS NAETR R TEAIR, &) Tk

77 AIS T (GFLOPs ) I A0 J2 10 {CIRIF RS,
FH i BRI R (TR, TR IS BN R
TR AR ARG, JFE 1430 20 MR 1 R 78 g L A Ay iy
ARGE,

o 3R B R SR Ak B AE ) B AR bR A B E B
PR FPS (R 5, 3R A 70 ) 4 2L 58 18 R pe | A3
FHF X IE R U B 5%, FPS 1 H 5008 5 W B AR
FLREE s 47 R I Ge i F H O 24 A5 R AE A BE G R
BER

BT /IR AR B BT o FH 23 8], 38 % LA MB
BT, A RN T 4 R AR R ) AE A A R
3.4 HRELSCIG

SR EAR SC T O VR AR K T A R AT 55 R i
FRNE , ARWFFELL YOLOvV In B8 Ky 3 78 RUOD %4
LEH DUO BdadE Loy BT TIH @S5, SC g SR an
1.2 s, FerbeV/ 7 (Rl B AR B, < x 7 AR K %
it FEGE O R

mAP =

#1 ET RUOD HIEEMERLE
Table 1 Ablation experiments based on the RUOD dataset

BR ez C_ZPSA‘ ADown R/% mAP@0.5/% mAP@0.5:0.95/% Params/(x10°) ¥Fm40/GFLOPs WIF/fps o
PConv iRMB

1 x x x 75.5 82.8 56.6 2.58 6.3 88 5.5

2 Vv x x 76.7 84.2 58.8 2.28 6.1 91 4.8

3 x vV x 77.2 83.9 58.6 2.60 6.3 89 5.5

4 X x vV 76.0 83.7 58.1 2.10 5.1 91 4.5

5 vV Vv x 77.8 85.1 60. 2 2.29 6.1 93 4.9

6 Vv X VvV 78.2 85.2 60. 3 1.79 4.9 95 3.9

7 X vV VvV 77.8 84.6 59. 4 2.12 5.2 95 4.6

8 V 2 Vv 78.6 85.6 60.9 1.81 4.9 97 3.9

1RSI A AR R 2, Y C3k2
PConv FEERFER P IR Y 1Y C3k2 FBR 5, BETR ) R mAP
@0.5., mAP@0.5:0.95 LA} FPS 542 F T 1.2%,
1. 4%F01 2. 2% 01 3 fps, H S 0w MVE S8 HACT ., X
JZH R C3k2_PConv i iE 1+ #8734 F1 PConv £
BHURME LR 174 B SCHERHIEE B AT T2 46 PR
1E IXTESIBRTUAR T S5 BRI AR B TOK T A9
RO FR R 5 SOMARRE  BEREAR T 1T, St 1 vk )=

FRIE L BERFE , S0 T RS S R m Ak i P, P 5K
55 3 5 AT, M5 A T iRMB T ML C2PSA _
iRMB AR 5 i 7 A A Y C2PSA BB 5 B R
mAP A7 i 2 Tk, 3X — P AR AR fk 9 A% 0 IR R E
iRMB EE HLH Y R O A dE & T i/ B bx
B JRy S DB AIE | 17T PSA T 2 I ML Y 2 RUE 36 B
Al HE— 25 5 Ak B RO BE 45 AIE Wi N X A AR e T R UG
C2PSA BT /N B bR FRAE 32 A 7840 B[R] R, [R] B



- 110 -

LSRR R e o

40 &

iRMB 35 77 MLl 38 3 TR B8 7T 43 3 26 BRI ok 22 3 422 A
Z5A T 3 A RG] TR SRR TR i (AR R
AT KT AW B b 08 SCRRIE, T T A
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SR FNE 252 BOR R T B ER IR B A Br 4
& HE R ADown T ORFERIHCR H T /NGB HEA T8 A5
R, SRR TGS BT R AR, [ i 38 38 4
TR WAL AT AR AR TR R B A R Y L AR, XA Y
G S e ) N N U ! TR R (RS (273

TOK T AW %8 B R AE 25 % (0 Tn) B, IS T 30 S AE [ 15
P25, WATIE 5~7 G5 AT A, 3 A Mo B 1 A B
W 255 et — DR TR A PERE

FESCE 8 Rl T 3 AN MGHERLE YOLOVI1-PiA
RERIZE A MERE T FE AR _L AT YOLOvI In BEEUSA 47
FrigFt, BSR4 T 3. 1% . mAP@O. 5 27+ T
2.8% .mAP@0.5:0.95 $2F+ T 4.3% FPS &£ F+ T 9 fps,
HABR R 280 | A8 SRR AL KN 43 il AR T
29.8% 22. 2% M1 29. 1%, Z5 b ik, A SCHE h i elc i
AT T B KT A kAR 5 h i 3238,

2 ET DUO #IEEMHE RS
Table 2 Ablation experiments based on the DUO dataset
o C3k2_ C2PSA_ s R BRI
S ] ADown R/% mAP@0.5/% mAP@O0.5:0.95/% Params/(x10°) W/ fps
PConv iRMB GFLOPs

1 x x x 71.8 80.3 58.5 2.58 6.3 103 5.5

2 Vv X x 73.7 81.2 60. 6 2.27 6.0 109 4.8

3 2 vV x 75.0 81.9 60.7 2.29 6.1 114 4.9

4 vV v v 74.5 82.6 62. 1 1.81 4.9 116 3.9

2% 2 IS0 2 S5 0] 1K C3k2_PConv BEHUE:
C3k2 #iH 5 , BRI R .mAP@ 0.5 .mAP@ 0. 5.0.95 #il
FPS 70542 TH T 1.9% 0. 9% 2. 1% F1 6 fps, HAE R 2:
BRI R AL, I 3 AR 2 LR EEIA
C2PSA_iRMB FEHe B4 C2PSA A5 e | 4550 %) 46 IS 1 1
HEAR R T #2545

SIHG 4 g5 R W] 2 C3k2_PConv R H  C2PSA _
iRMB B35 F1 ADown T R B 85 B = 35 P [R] /E FH B,
YOLOvI1-PiA #5 A 78 2% W0 ¥ 4 38 4x L ¥ T
YOLOv11n AR Hrp RIETF T 2.7% , mAP@ 0.5

28, AR

M mAP@0.5.0.95 73 5l F+ 1 2.3% F 3. 6%, FPS

PEFHT 13 fps, [F) B 455 AU () 2 B AT 0 A A R %
IS, 3% FF WKOUE BH T AR BF 5% o O ik 10 RHE AR
3.5 HEEINFLEEIE

Fpitt— P B AIE YOLOv11-PiA 58I 7E K R 49 H bk
R AT 55 R A A, AR IS8 e B T 24 R AT I H bR
A A YOLOv3-tiny' ™' | YOLOvSn'™' | YOLOv6n'™" |
YOLOv8n'™ [ YOLOvOt'' [ YOLOv1On'®' .RTDETR-L"' |
YOLOv12n"*" DA KR4 BRA 7K T A B 6 I 5 250 A A ]
SEOGPREE FUECHE AR N 5 A SCAT B 3 Y YOLOv11-PiA #52
RUBEAT 7R LSS SE g 45 Rk 3 4 R,

*3 ETF RUOD HiEEMERRS L LI
Table 3 Model comparison experiments based on the RUOD dataset

Al R/ % mAP@0.5/%  mAP@0.5:0.95/% Params/(x10°) IFMH/GFLOPs  Wi%/fps  BAIK//MB

YOLOv3-tiny 72.0 79.7 51.0 9.52 14.3 68 19.2
YOLOv5n 74.2 81.9 54.6 2.18 5.8 85 4.7
YOLOv6n 74. 1 81.2 55.7 4.16 11.5 72 8.6
YOLOv8n 74.7 82.7 56. 1 2.69 6.8 84 5.6
YOLOvOU 74.6 81.8 56.2 1.73 6.4 79 4.2
YOLOv10n 73.1 79.6 53.9 2.70 8.2 88 5.8
RTDETR-L 73.3 80. 5 55.4 32.00 103.5 35 66.2
YOLOvI1n 75.5 82.8 56.6 2.58 6.3 88 5.5
YOLOvI2n 74.4 81.5 55.3 2.56 6.3 85 5.5
SCHR[9] 74.3 81.2 55.8 5.20 7.7 78 20. 4
CHK[11] 75.1 83.5 57.3 1.83 7.2 87 4.3
k[ 12] 75.7 83.2 56.9 3.38 6.9 83 6.1
YOLOv11-PiA 78.6 85.6 60.9 1.81 4.9 97 3.9
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3 RS R, B AR YOLOVI1-PiA S8
W& = F YOLOVOL, (AT 45 & 5% i Ak b o, o J 22 19 2
YOLOvOt {44 [E1 % R mAP B fl FPS ik T YOLOv11-
PiA, 10 AR TCH i f Xl Ao DDA 85 R 3 SR A i /K R A=
Yk R 5

I 4k, 5 YOLOv3-tiny, YOLOv5n, YOLOvé6n,
YOLOv8n . YOLOv9t . YOLOv10n , RTDETR-L . YOLOv12n
SCHR[9, 11-12 ] B, YOLOVI1-PiA B R 43 5 7 i
6.6% .4.4% . 4.5% .3.9% . 4.0% .5.5% .5.3% . 4.2% .
4.3% 3.5%F1 2. 9% ;mAP@0. 5 43 & 5. 9% 3. 7% .
4.4% 2.9% 3.8% .6.0% .5.1% 4. 1% 4. 4% . 2. 1% Fl
2.4%;mAP@ 0.5:0.95 55l & 9.9% .6.3% .5.2% .
4.8% 4.7% .7.0% .5.5% .5. 6% .5. 1% 3. 6% Fl 4. 0%

FPS 439 29 12 25 13,18 .9.62,12.9 .10 £ 14 fps,
H YOLOv11-PiA BERY 1 ¥ iz 5 e ik FVBT Y fe /)N
XERE YOLOv1-PiA BT 5 FH08 ) 28 bk A
SCHEH ) YOLOVI1-PiA AL 78 K R A R AT 55 52
WS SRR RO, RS PR B 0 T
A i H AR

HRHE R 4 FET DUO Bl 4 A 88 X L S 50 45 SR 7T
AT, EAR YOLOvL-PiA BERY ) 2 450 IF 3E fe K, (AT 4%
BRIk, AN, AT H A B A AL A
YOLOv11-PiA #ERIZE DUO H4i 5 L 1% 46 K 7 ek i
Py Fe IR | 3 P R IE B AR TR 5% W0 T 1 0 A A A
YOLOv11-PiA #5 R 7E K T £ 9 B #5484 55 /9 4

F 4 ETDUO HIBEREEIXS L L0
Table 4 Model comparison experiments based on the DUO dataset
TBETRY R/ % mAP@0.5/%  mAP@0.5:0.95/%  Params/(x10°) VFRE(/CFLOPs  Wi&/fps  HHIK/N/MB
YOLOv3-tiny 67.6 76.9 53.1 9.52 14.3 70 19.2
YOLOvSn 69. 8 77.6 56.0 2.18 5.8 95 4.7
YOLOv6n 70.8 78.3 57.9 4.16 11.5 78 8.6
YOLOv8n 71.3 80. 1 59.0 2.69 6.8 104 5.6
YOLOvOt 70. 6 79.8 59. 6 1.73 6.4 87 4.2
YOLOv10n 71.3 78.9 57.7 2.70 8.2 100 5.8
RTDETR-L 62.7 66. 8 47.0 31.99 103. 4 38 66.2
YOLOvlln 71.8 80.3 58.5 2.58 6.3 103 5.5
YOLOvI2n 69.9 78.2 56. 4 2.56 6.3 105 5.5
k9] 70.5 78.9 56.2 5.20 7.7 82 20. 4
SCHk[ 11] 72. 4 80.5 58.1 1.83 7.2 107 4.3
SCHk[12] 73.3 81.2 60. 4 3.38 6.9 102 6.1
YOLOvI1-PiA 74.5 82.6 62.1 1.81 4.9 116 3.9
3.6 AREIEENVEIBUEH C2PSA R LL L1e RS PR,

N T RUEAB I 7E C2PSA Bl i A iRMB 3571
LU 3 A A 5 0 B, R IR T SEAMP HEMAMY
TripletAttentionm] F1 BiFormer'™’ 4 F i 2 J1 ML JEE
iRMB {1 2 B AR TR i AGL 6T C2PSA BEHGHAT T
ek JFTE RUOD BdsgE bIF R 1 X HE S, Se a2t SR an

HRAE R 5 S50 45 B AT J, 78 C2PSA Bz A
iRMB 7E & L5, SR A RUOD %4l 45 I i 1 e
P ZE T SEAM iEMA TripletAttention F11 BiFormer4 Fip
Xt AL, FE4r B0 T C2PSA _iRMB A3 (1A Rt i
A

x5 AREFEENVHIBE C2PSA BRI LL LI
Table 5 Comparative experiments on improving the C2PSA module with different attention mechanisms
R R/ % mAP@0. 5/% mAP@0. 5:0.95/% Wi/ fps

SEAM 76.0 83.1 57.5 86
iEMA 76. 6 83.4 57.4 85
TripletAttention 75.9 83.5 57.5 87
BiFormer 76.3 83.6 57.9 89
iRMB 77.2 83.9 58.6 89

3.7 WAL SHR
7 H BRI k h  ORE R - R (P-R) #4217
Sk HERE I ZL 48 45, &1 10 24 YOLOvlin BE%L 5

YOLOv11-PiA #AI7E RUOD 4 % (1§ 10(a) ) Al DUO
BORLE (K 10(b) ) E P-R th&xt b 4558, & 10 fr
7%, YOLOvI1-PiA 5% % PR 4k 15 2 T YOLOvl1In
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