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Abstract: Focusing on the industrial development needs of accurate underwater target recognition in
aquaculture, and aiming at the problems of low target recognition accuracy of small samples and poor
adaptability of model algorithm to scenarios, a small sample aquaculture fish recognition method based on
improved cycle constraint adversarial network ( CycleGAN ) sample amplification and attention
enhancement transfer learning was proposed. Firstly, the underwater sampling equipment was used to
collect the images of the actual and controllable breeding scenes of Larimichthys crocea, and the
controllable scene images were used as the auxiliary sample set. CycleGAN was used as the basic
framework to realize the migration of auxiliary samples to the actual breeding scene images. In particular,
an optimization method of the loss function of the migration model based on the maximum mean
discrepancy (MMD) was proposed. Then in the transfer learning phase, ResNet50 was used as the basic
framework, and SK-Net ( selective kernel network ) attention mechanism optimization model was
introduced to improve the perception ability of different receptive field targets, so as to improve the
recognition accuracy of the model for unconstrained fish targets. The experimental results showed that the

method proposed effectively improved the recognition ability of fish small sample targets, with a recall rate

Wk H 91 2023 -06 —30 &[] H ] . 2023 —08 —20

ESTH: F L EREhO W AR A L34 25 H (2022QNLM030001 —2) il v e 24 2 7 5 B BF B T & A BL AT L. 55 9% & 51 9% 4 1 [
(2022XT06)

EHE B XA, (1982—) , 55 BB 5 51, 22 A iftll 45 2 Ak (TG AL 3 S =03 A PL 28 AL 58 BF 52, E-mail ; liushijing@ fmiri. ac. cn

BEMEE: FHE973—) 55 mIFS 0, 3 BN HCTF WL A DG BT 5% , E-mail : 154812721@ qq. com



BT

XA 55 JET CycleGAN FITE ) HY 0 1T 78 2 > B /R AS 412831 331 297

of 94.33% of fish recognition, and an mAP of 96. 67% , providing effective technical support for the next

step of fish behavior tracking and phenotype measurement.

Key words: large yellow croaker identification; CycleGAN; attention enhanced; SK-Net; transfer

learning; attention mechanism
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PPN T5 1% o TR AR 7 5 UM 55475 4K T I 7
2 (R, A, S B 2 7 7 S LA 3R IBOR 2 119 27 )
AN AR Bl AP SN A 22 5. N T
fifp PR A )AL, A SCAE CycleGAN Hrg| A MMD $ 2k
PR, B TR R R 1k AR A IR BE T, BT
SK-Net i1 75 J1 AL il $2 T 458 24 b AN [\ 2K/ H s 19 31
BIREST o RIS T 52 THBOAR B 52 T, 2R 1T 4% 2
A ITE R EAEAR YU R A . HEAT T ORI, 4
REGUE T A SO R A Zk . 5 e it iy 07 ik
b, Aty CycleGAN J5 vk Al L3 i a7 B0 ) HE 22 3%
BHA S I HPEGE.
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