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Underwater biological target detection method based on YOLOvS8-BAN
model

WANG Dexing, HE Yong, YUAN Hongchun
(College of Information Technology, Shanghai Ocean University, Shanghai 201306, China)

Abstract: Underwater target detection technology is crucial for the automation of underwater fishing, which can ef-
fectively promote the intelligent development of the fishing industry. Aiming at the problems of poor underwater image quali-
ty and missed and false detections caused by the aggregation of small target underwater organisms, this study proposed an
underwater biological target detection method based on improved YOLOv8m model, namely YOLOv8-BAN. The model first
embedded a bidirectional routing self-attention mechanism in the backbone network to enhance the network’ s feature extrac-
tion capability. Secondly, the adaptive feature fusion module was combined in the neck to optimize feature fusion effects,
enhancing the model’ s detection capability for multi-scale targets. Finally, a small target loss function was designed to fur-
ther improve the detection accuracy of small targets through precise label assignment. Experimental results on the UR-
PC2018 and Brackish datasets showed that the average detection accuracy of YOLOv8-BAN model reached 86.9% and
98. 6% respectively, which was 3.5 percentage points and 3.3 percentage points higher than that of YOLOv8m model. Com-
pared with the other six models, the YOLOv8-BAN model had higher detection accuracy and faster detection speed. The re-

sults of this study can provide technical support for underwater robots to carry out aquaculture fishing operations.
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Fig.1 The network structure of YOLOvV8-BAN model
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Fig.3 The structure of the adaptive feature fusion network ( AFF)

1.1.3 B ARk F4(NWD-CIOU)  YOLOvS H1#Y)
PR PRI 3 /N4, B i A e A 02 A it
PR, Horbh A (v P R BRIA I 72 58
FEH CIOU™ R FRifi, CIOU 2%t 10U Ay dic ik, 4R
(SN = DO R AN S kN VA= R | P ok
&, T 0N BARTERPRZE 43 E H v] BETC IR VL AE 3 IE AR A
B IEREARIG D BRI A PERE . 5183 CIoU
FEfir /N H AR AAERE B3 1) ] BEAS 2 fe ARk 88, AR
U T — R CIOU 512Kk pR 8K, i 44 8 NWD-
CIOU,, 3XFHTA61 2 pRAL B 76 S R HPTAG IRk
H AR AAETSIN , $2/ N H AR RS B

i H NWD-CIOU 1 %675 224 3 FAE 1 7 m Hr
OIARERAEL X TE/NR I FAE TR A2
RS T ST BT LAAFAE — SE R SR R AN 54
L5 A TE L FAE R RV R A R T R
FAE AR 2 AR, X FHESEA T — 4 =
G3AT AR B v R) AR R A R R R AU R
N B A AR, X TR HE R (ex ey, o,
h) A (ex,ey) o A 23 5378 R 30 FEHE ) e
ARbR T RE R BE AR B Y R

()" (y=n,)°

o’ o’ - (8)

AF(8) T w, Fl o MG A O AR o F o 3
R By BRI RS, R, =ex,u, =cy, 0, =
w/2,0,=h/2, ZHEE AR B R |

m{—;uwﬁzwxﬂﬂ

SXlp, 2)= (9)

2wl 212

NE(9) T exp FoRLL e MR AYFEECREL, X u
X 4350127 e i A1 8 A b V- X 1) i R O 22
FHFE

HEAT 4k = o A AR A Bt i e e
H) Wasserstein [ 55 Sfefiiy it B~ AAE A BE B
Xﬂ‘ﬂ:MIZN(mI, 21>$HM2:N(’”2, Zz)w‘j/\:éﬁg
Hr, Wi Z IR [ Wasserstein FEESE LR -

W;(/‘Ll M) = |l my—m, || §+ l 21/2_25/2 | (10)

A(10) o my B omy 7R 5 51434 0 1 (8 )
i, || + || ;478 Frobenius J0 %L,

XTI T AE R 1 AT LSRR O

2 w, hﬂ T
WZ(Na,Nh>:H[(cxa9cya7?5?) 9(th’cyh’

w, hy 12
7,?) ]”2 (11)

AX) H a F b ASEMA L IHE, SR, X



106 bA R N (=S 11

2025 4F 55 41 & 51 W)

ARG R S IR ANBE 4 T T AL T R
He 70—k, 38453 —1K 1Y Wasserstein 125 ( Nor-
malized Wasserstein distance, NWD) , B HAE S~y ik 5t
HERY BE m bR, AT .

NWD(NMNQZGXP{_W} (12)

A (12) Ha F1 b AEMADLIRAE, ¢ Z—4
k& aE PN &A@ EE DR PN NI IES
AL NWD B2 7 304 D AT 114 37 451 2K R K, X
FALE AR N R/ RS T REIA AN B B4 4G
AR, Sl AR ST NWD Hl CIOU iR by ofi
PEATEE S SN A — D B 1, B3t 18 B NWD-
CIOU 52K s %5, B .

LOSS \wp-ciov = (171) LOSS xyp #LOSS ¢y (13)

NX13) (SR, 20t Z 0G5 )5 %

{EHC 0.2 A% Fefd:, M CIOU A kb, NWD-CIOU %
JEE] T /N B AR BT AR 25 TR S BOhR 4 4 i
ST [, $ T T RGN B AR R IR A
A NWD B 52 bR A L, 766 8 A R RS K/
FIEHEAE T NWD-CIOU REARAS S A B2, O FL T
DI 31 25 i i SIGH
1.2 REHIEE

ARG i F 21 ) %5 s 5 5% A A JF Y URPC20138
BG4 Brackish B4 . Hrh URPC2018 Hdla 4k
A3 7015 B i L5 HER S5 4 MY,
IRAEEE R ANE 4 BTz . Brackish B4 S ILE
14 5185K & A0 28 WEBESE 6 R A4, 1
SPEREE R KL S PR . ARG RSB SE Y
FEIES 1 2 1 A ER AR 43 S U R AR | 56 E 4 A K
EHATIR LR

B4 #4 URPC2018 HiR&ERE K
Fig.4 Images from the URPC2018 dataset

5 #B4 Brackish #{IEER K
Fig.5 Images from the Brackish dataset

1.3 REEE

AMFGE IR RN HEAE PyTorch R 2: S HESL
I, JF7E Ubuntu 20.04 #:4F R G5 H #4715,
HAKIMIF , PyTorch MIAR K 1.8, #5 B AY Python fRAS
& 3.8, BERYIZRAE 55 ZE LA NVIDIA GeForce RTX
3090(24 GB BAF) ) GPU LPhAT, My 7 W {4l

YRR — S0k Fnnl 2 P A R B 1k
640x640 & &, 7E I Zkid # v, Batch-Size % # 4
16, BILFEFT 300 4 epoch Yk, WIhH24 2 Rk &
0. 01, IR A 5% 1R K W 2 ) SR AT B
At fE b, S S50 &N 0. 937, % A SGD (Bl
BUBSEE T %) VR Mk



FAEMAE LT YOLOVS-BAN #ER A /K T A= 9 H Fradsml 7y ik 107

1.4 FEHrigtR

ST VPN AT RS DUDRS B , AR 5 R - Y0
A (mAP) KEHER (P) FIE M3 (R) fE AN 45
Pro HoH AP IR BURAREE T EORG i R, mAP 3
7T A 28 5 bR 2 10 7 YRS f %, 10U BUE R 0.5,
e 2R R e TN (4 T A IR R AR S PR 2 IE AR AR
MRS, A IR SE R Ry IEARAS B T hy 1E AR A
FORESE . Ol T DA 455 8 ) G 0 3 B, R LS 1 s A
DMUEL ( FPS) E AR INH R B PEAN i . R4 A

BT 450 R
TP
= (14)
TP+FP
TP
R= (15)
TP+FN
AP=[ PdR (16)
N
SAP,
AP=-" 17
m, N (17)
FPS b 18
=5 (18)

C

g (14) FI(15) H TP Fom ¢ 1 Sk 1EREAS 1)
i, FP Ros A OREAS (i, FN R8s S5BR R
TEREARE SN Ry AR A B B A (17) Y N RoR
Zogee ; A~ (18) B, FRoR BUEL T, Rkl
A I

2 RS

2.1 HEIRXImER
ST B UE R AR R (A R, XA Y T A
* 1 7€ URPC2018 #iE&E FHERMINIEER

Table 1 Results of the ablation experiments on the URPC2018 dataset
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Table 2 Results of the ablation experiments on the Brackish dataset
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4.0ra 01011 p
3.5
30 0.08
K 25 & 0.06F
E 20 =
1.5 0.04
1.0 T — 0.02F -
0.5
O 1 O 1 1 1 1 1 |
50 100 150 200 250 300

50 100 150 200 250 300
Bk

—o— CIOU4R B4, —a— NWDHIE AL —— NWD-CIOU4k B4

a: URPC2018 BUHE4E ;b : Brackish Za4E
Bl 6 AREMKEEAINSHK Lk

Fig.6 Training loss curves of different loss functions
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Fig.7 The heat map of some images in URPC 2018 test set
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Fig.8 The heat map of some images in Brackish test set
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Table 3 Experimental results of different models on the URPC2018

test set
o RWRMER B FORW R
(%) (%) FEEE(%)  (Wi,1)
Faster R-CNN 75.3 71.4 73.5 25.9
YOLOv5s 83.9 78.7 81.1 124.6
YOLOX 83.7 79.5 83.2 70.1
ViTDet 86.4 81.4 85.2 34.5
YOLOv7 84.8 79.4 82.6 94.6
YOLOv8m 84.3 77.1 83.4 118.4
YOLOv8-BAN 87.1 81.5 86.9 105.7
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Table 4 Experimental results of different models on the Brackish

test set
wom R HER SEERG AR
(%) (%) RBE(%) (W, 1s)
Faster R-CNN 82.3 83.1 84.4 24.4
YOLOv5s 92.1 92.7 93.4 118.6
YOLOX 94.5 94.7 95.6 67.6
ViTDet 96.8 96.9 97.6 26.7
YOLOv7 94.4 93.3 94.6 90.2
YOLOv8m 94.2 93.5 95.3 114.5
YOLOv8-BAN 97.2 97.4 98.6 100.4
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Fig.9 Detection results of three underwater images by different

models
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