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a. Main view of experimental device; b. Side view of
experimental device; c. Top view of experimental device;
d. Physical picture of experimental device.
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Fig. 4 Schematic diagram of underwater sonar scanning
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Fig. 7 Real-time monitoring flow chart
a. Sonar image capture and recognition section;
b. Video export section.
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Fig. 9 Prediction examples of fish swarm targets in sonar images
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Fig. 10 Comparison of the improved model with other models
The model response time is the recognition speed of each frame of the model based on the GPU NVIDIA 3060.
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Fig. 12 Diagram of points at the edge, inside and outside
a. Point on the edge; b. Point inside; c. Point outside.

2 #ER5HMH

21 BHHEBNER

SEEG YA 4 (A 4H: 50 4 fh, B 41 100 k1,
C#H: 150 £ fh, D 4H: 200 2k f0) it A7 f B K W,
SEHNE 13 s o A AL 25 57 45~56 2 [A]
Wesh, FIFaE HEETIEMEE 50; B 4Ll 45
IRAE 91~109 Z [H], HH #R%E Ay 423 FEME(E 100; C



414 SRNEED e 5 32E
> 60 — - HE:UELR base line _ — - FAEZR base line
g 100 — -100
g g |
o
g 40 g 8]
g2 |
H g 40
20
= = I
= 9

0
Al A2 A3 A4 A5 A6 A7 A8
5044 group of 50 fish individuals

— - HYELR base line

_ = =

D X O N b

S © O © ©
T T T T T

W% measure quantity
N
3

[\
o O

Cl C2 C3 C4 C5 C6 C7T C5
150454 group of 150 fish individuals

13 R 2 R
Fig. 13 Monitoring results of fish quantity

ZH BN 25 RAE 125~141 Z2 0], I shi/MEm AR
THAEE 150; D ARy 25R7E 163~180 Z [,
B E YR T A HE(E 200,

ORI 5 UM MERR R 1 C R WK 14 Fos .
Hrp, 50 SRAMUER R AMIE 88%~98%,
100 41 M HER R AV FIN 91%~99%, 150 %k
HUEHI R T FEF] 83.3%~94%, 200 ZH AEHH ik —
L TREE] 81.5%~90%, 50 5415 100 254109k i

%R measure quantity

Bl B2 B3 B4 B5 B6 B7 B8
100 £&4H group of 100 fish individuals

0
D1 D2 D3 D4 D5 D6 D7 D8
20044 group of 200 fish individuals

(BB 100 4%, BN 4 5/m’)HBE %
B, 2R G0 A B /N FILASE o B W 0 e ) o i R R LA
S 2)o A WK, bR A4 ARSI AL T
90%5b, ALY W RS B 3455 T 90% . B 4 4%
S BE AR = T 90%, Horf B2 41385 T 99%.
U, 7E/NIUBL BTN A 41 RN B 410 T A SE
S5 S5 W R B A R U I R A AR 1, I
W I R S B8 A O HE B Akt A5 2, JFEf

R 150 4445 200 L H IHER R 5 10% 447, BUIHECE
Vi A B 1, WERRRB W N % 100 59
22 BEMTESH ] '9f -
ALK PR LR R 4 A 50 126 1 o Al A
7% HOX I 75 ) 43 A PELANFEL 1S 7 o 22, I B R
R A 41U B AL AT 1), H3LaE i 88 ..
FAEZK I (0~25 em) AT T JZ2(125~200 cm), 434 Eest
B, o TR RN, TS TR *83.3 ols
JE G BN TG i A G o 2 R 2 R (C 4N 80 |
Dgﬂ), ﬁ?ﬁ)ﬂﬂﬁﬂﬂ%*, 3‘5%{%@%7{ 0~150 cm E’:J ;rog;g_ﬁ 100440 15044 200448
TREEE I o 3X ] B 57K i P iz R 2 1 7K e D gowpef  gomel  gowpef  groupof
individuals individuals individuals individuals

RSB RE HA K.
23 BREZFETHEHEHPELEN
A (BN 50 45, B R 2 44/m)F1 B

K14 e S IR R R OCR
Fig. 14 The relationship between the number of
individuals in fish schools and the accuracy of identification



5531 P S JEF YOLO 187 78 £ 5 4 m] 75 W S A 0 00 7 e i 92 5 7 415

®1 TREHYENAMNEARKERENGRTHEIH

Tab.1 Spatial distribution of fish quantity in different water depths for fish schools with different quantities of individuals

i JKZTEE /em depth of water layer BB
group 0-25 25-50 50-75 75-100 100—-125 125-150 150-175 175-200 200-225 225-250 total
A 7 2 3 3 3 6 7 5 5 7 48
B 12 4 3 2 7 14 17 13 11 9 92
C 17 15 21 14 17 14 15 10 5 7 135
D 20 22 22 27 18 18 12 12 16 13 180

TE: AN f e i 21 0 ki i — 2L BAT AUk p AT T W .

Note: For each group, only a representative school of fish was selected for illustration.
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A 450 5547, B 4H: 100 451815 C 4H: 150 454f; D 4H: 200 4.
Fig. 15 Spatial distribution of fish
group A: 50 fish individuals; group B: 100 fish individuals; group C: 150 fish individuals; group D: 200 fish individuals.
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Resear ch and application of real-time monitoring method for cultured
fish based on YOLO
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Abstract: To address the issues of low efficiency and insufficient accuracy in monitoring fish populations in
aquaculture, this study proposes a real-time fish monitoring method based on an omnidirectional scanning sonar
and the You Only Look Once (YOLO) model using tilapia (Oreochromis sp.) as the research object. The proposed
method used an omnidirectional scanning sonar to collect underwater fish shoal image data. By using the YOLOvV8
algorithm combined with real-time monitoring, the proposed method achieved target recognition and analysis.
Euclidean distance-based spatial analysis algorithms were used to merge and exclude anomalous data points to
obtain the number and spatial distribution of fish schools. Experiments were conducted to evaluate fish schools of
varying sizes (50, 100, 150, and 200 individuals) and achieved monitoring accuracies of 93.5, 94.5, 89.6, and
85.8%, respectively, with an average accuracy of 90.9%. This method substantially enhanced the real-time
monitoring and accuracy of fish school population assessments. This provides an efficient solution for monitoring
fish schools in aquaculture towards optimizing aquaculture management, improving production efficiency, and
promoting the sustainable development of ecological aquaculture.
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