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Fr 3R B WE B P . ZHOU 256 8 i — Fh it 1
YOLO 536 g i A= Wi ol O s iz ik 4 i B
AR T HIL A A 5% 26 4 B TR e 4 etk
T R AL A B 22 A5 g5 R B
PE T IR R AR & T B A A R T AR Y
WG EE o iRt 800 7 5 R 5 JE KT 3 5%
FETE A SRR AR AR S R] R, ) o, LB 2
T AU PN AE o FH K, R DA 8 B B85 A2 BR 1Y
NG

S K R B AR A0 25 H AR TR RS ff
JE , ULl R AR R 5 R 3 38 A2 R A ) BT, AR S
Pt —Fhid KR 5900 R T R 1 i g
125 SIBR YOLOvVSn-fish, 7F YOLOvSn A3t
fithh I, #R 45 XU AL DualConv A1 C2f L HY C21-
DualConv #3575 52 B AL AZ A0 Y [] IR 3 ik
R FAE B2 H R 28 127 T e T 5 B 16 KR B rh
FETEZE U IR TS ST, 48 I 2 i = 3R
Z: KAk #1324 (Efficient QARepNeXt feature
pyramid network, EffQAFPN ) > 14 5 4% 7l 27 ) T
S e R DA R SN WA /=D O sl il
U ERA B AR o A, 32 S — AP s 20 — By
Bl 7 e AN AR & 2 B () 6l |, R
1ty B BRI B 0 A A R S0 B Al £
2Rt 72— LA RLR S Re T, BT
JE S B R R K SR I A BB E o A SCHEAR Y
FRE AR 2 H AR R R4t 1 B, A
BLE A BE A S K 7™ F5 FE R e Ak
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1.1 B YOLOVS M4k 45y

YOLO s —Fh 5z iy H AR iR B AL il if 42 Jay
e HORARATE L, v S BT BE FEURS BE 1)
R4 Hoh, YOLOVS & — it 2] s A
TRBE ¢ 2 #5E AU AT 5 4 A d IRIAG b AR 51 RN
o, I i B IR F a9 B A w Fi LG A7)

HF r 532508 ETMENS 50, e
K] 43 i 5 A 1 g AL 43 0l /& YOLOvSn,
YOLOVSs.YOLOvV8m .YOLOvS81 A1 YOLOv8x, I
B RS RIS BRI . k3B H AR U0 B
AU 52 Z% B RO i 2 it FH i 2 £ 28 R B 0 4
TE YOLOVS 19 5/ piAs EakA7 1 Il 45, Yl 2R 4 1
W 1 7R, YOLOV8n I ! I s i AL A 7L 57
Ze i AR SRR 4.85%10°, BRI N AE A B K
/IR 8.70 MB, 5 B IF fi BT 5l 8.9 B[R]
YOLOv8n R3¢ e PR U0 T, 35 21 83 /s, 5%
RIS BE 2T T YOLOVS HoAth A7

PRI 7S SC 3% ] YOLOv8n 1 Sy KE i B 7 £
Mk - % 2L T DualConv 1 C2 #5 B 119 4% 1 4%
R 25 X 4% C2f-DualConv, $2 51 155 Y (1) 457 1iF
15 B AR HURE J1 5 M $2 TSI ZE K R B8 rp 12 L
BB AE B RE 1, ik T EffQAFPN 5 Fl i 22 %]
2k . IS B9 Y OLOV8n-fish % 2% 2844 4n K]
1R .
1.2 C2f-DualConv &k

IKFEFRIE R A T 22 i R R AR R Y
B, K222k R e IR 32 BR i A X F B
PR B Bl AR b RS
SO 0 FORG B AR A (Rl R X
B BUFEAES B M R R A [l 3, i i TR
SRS BT DL R B RS B 2 45 1)
AN e GE 2 Uis , DualConv 31472/ FH 3%3
A1 R, AT LA TR] Ao B A R AE ] o )
G I A USRS A ST, i BRI S
F RN LSRR B 8 4 Ry (i ORI B A
ARG BE S FER A RRIE ] R 11 B R
VERT LA BB R AE B R 19 B i 15 8, (8 IR 2 6
WA R BRI E S U E Z R Mo
NGB, B A RRAE B R BE s N R B A UE I 4
B, A R A R, BV R E R RS s G R
B BURRCE R 5L

F1 WERINGER

Tab.1 Pre-experimental training results

e SRR et A o RPN N Ty bl S

Models mAP, /% Params Model size/MB FLOPs/GB FPS/(1li/s)
YOLOv8n 95.10 4.85x10° 8.70 8.9 83
YOLOvV8s 95.80 9.95%10° 21.35 25.8 67
YOLOv8m 96.40 21.90x10° 50.14 78.7 54
YOLOvS8I 96.14 35.90x10° 83.58 134.9 38
YOLOv8x 96.21 56.10x10° 130.53 210.3 29
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Fig.1 Improved YOLOvS8n-fish network frame structure
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Fig. 3 C2f-DualConv frame structure

1E YOLOVS H, CoFZ5 Ml ] 1 34,
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HOESY AR/ € Gy b= S O EY i M S R TR C Sy
G H B N A AT i BN s A
(Floating point operations, FLOPs ) {H /&5 ZEiR (1) &
Olo HeAh, BfiE 28 TR BE B N, C2E 454 1Y i 2
G TR 22 B5 1, 25 S EOM BEIH R, 2w H AR
PUNBIREEE o BRI, 51 A S i B Ry 38 I 45 (Cross
stage partial network , CSPNet) """ /1 fi%) 5% 22 25 44
S TS ) SE P BE 7 . C2f-DualConv #E5R
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By B 2900 2 455 4k v A A G R IR
50%, LAFFEAR 50% 9350 S 2% 5 A S 10 s R e
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1.3 EffQAFPN M4

YOLOv8n A5 71 F9 51 78 [0 265 5 JH B A4 2R 45 190
#% (Path aggregation network, PANet) 25 #4 , Xt Ho 4%
45 1) R AE 4x 7 35 45 ¥4 (Feature pyramid network,
FPN) ,PANet 3 fill 1" —4% A T i b4, ol Sl
XUAVFEIERL G o 207 AR 1 [ B LA 4
AT AF SO B AR S, 20 1 B {5 B R
PR, A 8D T FPN R 2R IE(E B R E R
[}, {H T PANet 4778 22 RUBERFAE I il
RS RAE, iR S B AR AT A R A
75 TR T s I BN T 40K R BREE i/ H bk
FZEZSASHLI (Y 46 2510 7, PANet 7E 4 B2 RFAE ]
A2 RE AT A i R B

I, & T & 2 & B (Simple conv,
SimConv) . ¥ & vR % F1 25 ) & = ¥ 1k
(Quantization-aware repNeXt, QARepNeXt) I fig
BT H R AP 1 1 i 25 M 2% (Efficient fast and
progressive neural network, EffQAFPN) "' - ¢ #
JEURE Y SR I 4% , EEFQAFPN (14 [ 45 4544 ln ] 4
JIr7R o YOLOV8n 4 #8578 [ 258 7E 9847 Z2 00y bR
FEFT RAFERAE IS 23 U FRAE I B K i
IAFIEE B R R R LR m it AR A, T3
TERIAE TR 00 IR A2 PR i 7K 7 7 0 2 e A e 45
IBATRLFRAR . EfFQAFPN M4 1 | KA FE v,
% SimConv 20 B4y A4 AE &, 38 ok it i 05—k
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http://www.shhydxxb.com



192 B S (32

PN

34 %
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AT LA 50 3 RRAE ] b 1 2 (14 RN 36 5 g
J1, BRI AR . 7E YOLOVSn 1l b i B 3
FRUBRAE WK B2 RAE T B9 R SE /IS, AT 75 12 A
TR FE % A B O 1o A3 R A AT 8T, 4 v UK
i A% . EffQAFPN 2% 45 PANet 45 44 A]

PATE I 2R 5 e AR X 22 TB) VD46, 25 40 B 2 50 Ak
QARepNeXt 7E I Zhid 72 rp 2k J 24> B S
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Fig. 4 EffQAFPN network frame structure
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FHYOLOv8n 455 5 fy ¥ 43 T 2R A EE ] LI A
TR () i ST R FIORG B0, R R Oy el i A Y
BERYAE 3 1 0 28 i 13 o e =2 KA o KT,
H1 Tk = YOLOv8n i) I 2 A {8, 2l ik i At
AU o3 5 R 5 BRI iR 1k, O B/ %K
G g A R i€ O VSN O S SRS iR
7&K E UL Y AR BCHE 4 (Common objects in
context, COCO) | i 5 X 4 43 25 # P& 4 (Pascal
visual object classes, VOC) &¢ & il ¥ iz 4 Xt
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Fig. 5 Structure of the two-stage fine-tuning
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p= T, +F, (6)
T,
R = R (7)
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Ti, 12 GB A7, #:1E R S8 0 Winll, TR 2% I HE
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A4 11.8, Cudnn fR AN 8.5.5. M S HUBC &« i

A MG KN A 640 15 2 <640 15 2 HEAL BN 48,
RFIFEN00L,IHFBH N, hERE N
0.937, k45 BEAILAR B2 T K%, Yl 2R 58 %0k 500
Lt
2.2 HiEE&E

Ji iy £ 20 PRGBS R AR R AR K 18 45 R
(Remote operated vehicle, ROV) [ ) 4= 2% £ 14 HL
Z G0 s AR [R] A i 7K R R R AR, Horp
— S 5T o 0 2 IR RE B T E AR £ 2SR )
AT EMTE S . T 3H ROV 24 57K R R 50
AH N5 ) 32 20 K R A i Yo AU AR Tp
PR T, Kz 5 4 A 5 1 329 R &
[ i 2SI A R . A S0k R a2 R
HHEAE T 1200 1 £0 25 ERAE S B B 5
25 S — S IO o B )l B A B R AR T
aquatic life, FRHR 4 8: 1: 1 49 Fu @140 R Il 2R g L 56
WESE AR >, JEh Il 2R e 56 Uk 4 Al i 4
J350 4 960,120 F1 120 g7k T a2 1%

R T B 1k A SO0 B B A B 4R 2 )
HE IR R PR A, AR AN B B E AR
LT DX T — AW B sl B A 45 . BRIk, ko
J e £ 25 MR N Y 1 200 R A7 B PR 00 47 515
by 1 & aquatic life, Jf M H: b f1 28 %0 P8 48
(WildFish20) H1 4k 78 400 & /K R a2 % . XFF
H A5 Bl 4R 10 288 bR 2 500 A R AR A 1 IX B
AT 3¢ o L, O/ PR R i e o i JE FHARRAE 23 5%
M A T80 R PR B B o 2R B AR R I A BOHE B
K43 MY ZRAE (80%) I TIE4E (10%) AT 3
E£(10%) . N T it — B 5T 17 (b RE , Bl
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A LB DI RS A ) BN B R S i IR
AR R IEAE AT 4351k 6 400,800 T 800 i 7K
T EEE.
2.3 ZHrERUAEIEXT L LIE

N T AR AR SCHR B TR B R O
RO, 43 A R a2 RS E O B 48 L B AR
B A AN B B ioJE O v 7E YOLOv8n B AY | it
FIXT AL Es . nER2 FioR, Zead X 5 s A
BRI FE I AR RS R P LA TR R R A
mAP,, 7 2 & T 0.5%.0.7% 1 0.2% , 3X i3 B X
BT AR R R E m k. SR

BOEAE AU SR RUAR L, 38 1 — B B 7 v
S5 o A5 AU e R e g TR RE R . Hirp
mAP;, 51k 96.4% , 5 7 B A H bR B4 o7
AT 1.3% F11.1%. HI &6 AT, AR SCHR HY ) —
B B 5 VA B 7 Bl AR AN H bR g s SR B A
TP A W SR B
2.4 HEEHBHSLIE

R T SR R AR A R X A Rk R
ST o D T ¢ R 6 S ][
HRE RIS HC N AT I 85 S PR T bR , TH fh S 56
RIS,

R2 “HMERMAXRBRER

Tab. 2 Results of two-stage fine-tuning

EUEITE S LB FEI RS RRki
Datasets Precision/% Recall/% mAP /%
B BE4E Target dataset 97.4 97.5 95.1
H b 844 Official dataset 97.9 98.2 95.3
B Bii#JH Two-stage fine-tuning 98.6 98.5 96.4
1.00 ¢ 0.18
0.95 + 0.16 —— HFREEAE Target dataset
N —— B4 Official dataset
< 090 F 0.14 —=— T BB Two-stage fine-tuning
<
o7 085 f L 012
< 172]
£ 080 | S 010}
N |
075 ) g 0.08
Koy L
&£ 070 0.06
—=— HirFli4E Target dataset 0.04 -
065 f —o— T E 4 Official dataset 0.00 L
0.60 | —— [ B i Two-stage fine-tuning :
0 50 100 150 200 250 300 350 400 450 500 0 50 100 150 200 250 300 350 400 450 500
24 YK Training epoch Y4 YR Training epoch
(a) W BT He 2R B £k (b) B Befaoa g b SE e g i 2e [l
Accuracy plot of the two-stage fine-tuning Loss profile of the two-stage fine-tuning
comparison experiment comparison experiment
Ele6 iz bk LU i 2k [E
Fig. 6 Two-stage fine-tuning comparison experiment curve graph
*3 HEXWHER
Tab.3 Results of ablation experiments
FiAl SR [EISREN s PAF T ARG RE
Models Params FLOPs/GB Model size/MB mAP, /%
YOLOvS8n 4.85x10° 8.9 8.7 96.4
YOLOvV8n-C2f-DualConv 2.53x10° 7.1 6.3 96.6
YOLOv8n-EffQAFPN 5.04x10° 9.5 6.3 96.9
YOLOvVS8n-fish 2.72x10° 7.3 5.8 97.47

H 22 3 A 21, YOLOvS8n [ 5 3 ™ 4% 7 A
EffQAFPN 45 4 7 (RUF AR Y 57 2% B FEAASAR (1) 1
M, mAP, 3Tt T 0.5%. 7F YOLOv8n I % A
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Tab.4 Comparison of advanced models results

s SR Fis AE i FEIRG P

Models Params FLOPs/GB Model size/MB mAP, /% FPS/(1i/s)
YOLOvV5n-P6 3.85%10° 7.1 8.0 91.60 142
YOLOv6n 4.50x10° 13.1 14.4 93.52 114
Faster R-CNN 28.05x10° 947.3 108.0 73.34 12
YOLOv8n 4.85x10° 8.9 6.0 95.10 83
YOLOv8n-fish 2.72x10° 7.3 5.8 97.47 121
SSD 23.61x10° 273.7 90.6 78.97 39
YOLOV7-tiny 6.02x10° 13.0 11.5 85.19 88
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An improved YOLOv8n based on lightweight model for underwater fish
target detection

CAO Yu, LI Jiayang, WANG Fang
(College of Engineering Science and Technology , Shanghai Ocean University, Shanghai 201306, China)

Abstract: In order to solve the problems of insufficient accuracy of fish target recognition in complex
underwater environment, high complexity and slow recognition speed of traditional target recognition
models, an underwater fish target recognition model based on improved YOLOvS8n-fish was proposed. In
this paper, a lightweight double-convolutional module C2f-DualConv is proposed to improve the feature
learning ability of the C2f module in YOLOv8n. Based on the idea of efficient structure
reparameterization, a new neck network EffQAFPN was designed to balance the recognition accuracy and
speed of the target model. A two-stage fine-tuning method was used to improve the recognition accuracy of
the fish target recognition model in the underwater low light and interference environment. The
experimental results show that the average accuracy of the YOLOv8n-fish model in the test set is 97.47%,
which is 1.07% higher than that of the traditional YOLOvV8n model. However, the number of parameters,
floating-point arithmetic and model memory occupation of the improved model are only 56.1%, 82% and
66.7% of the original model. The recognition speed of the YOLOv8n-fish model is second only to that of
YOLOvV5n-P6, which can reach 121 f/s. Experimental results show that the YOLOv8n-fish model can
significantly reduce the computational cost while maintaining high recognition accuracy, and provide
effective technical support for intelligent monitoring of aquaculture.

Key words: aquaculture; YOLOvV8n; dual convolutional model; light weight; deep learning
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