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Tab.1 Pre-experimental training results

i SRR et A o RPN N s W58 B

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

NIG
A

N/G

NIG
A

| o o i
{ o -4@-43_@_' o

-/

1
Lawg oy
I M-MIG I

. .
mf O
v | @O O
1 1
J
Y
N
NIG NIG
A ¢
( AR )]
6 [0 1] [0 ] w1 ) B
36 T] [ 1]
Mc< e lx] [ =] X1 > MIG
H H : : 1x1
[[3x3 [ 1x1 | [ 3x3 [ 1x1 | 1] : \ varic
| Ox] [ Txi]) [33_[1x
I Loa ] [3a3 [ oa] X1 m—
X
M ] e (M6 33 [ X1
: L]
33 mm_, (33 [ 1x1 ] _J
M-MIG < : : - — Tl -
ET B TR T
: \ M2MIG : 3x3 =1 > MIG
1x1 1x1 1x1 1x1 .
_ L [ X1 =] =] (33 [ a ]
L . J
N
2 DualConvZEfE

N B ARASE TR A 2R B2, Ao T AR 0 8 B 2k )
SEE IR H O, A B 5T T C2f BB A

http://www.shhydxxb.com

Fig.2 DualConv frame structure
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Fig. 3 C2f-DualConv frame structure
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Fig. 5 Structure of the two-stage fine-tuning
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AT 3¢ o L, O/ PR R i e o i JE FHARRAE 23 5%
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R T R UE AR ST R ) B B ik 1Y
AR, o e R fa 2K R O RESE L H
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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
MARTE 1.3% F11.1%. HIEL 6 ] A1, A BF5E 4 H 11
T Be O R B A R H AR A A B
A PR SGHE
2.4 HEEHBHSLIE
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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
<
SE% 0.85 12T
£ 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
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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%x10° 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; lightweight; deep learning
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