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Table 3 Model segmentation performance evaluation index

f ) SRR i SRS EE Y {H Mean average precision

Model Average precision ToU=0.50 IoU=0.75 /INEF# Small target K HAR Large target
i i SOLOV2 Light SOLOv2 0.615 0.861 0.727 0.454 0.655

- . .

ERATSOLOVZ+ DON+ SimAM 0.652 0.892 0.743 0.468 0.682

Light SOLOv2 +DCN+SimAM

2 HEE X A R SOLOV2 BERL M FIPERERY SN, 7 P, fEJ5UA BEAL R AR T ARUC _E DCN A SimAM, 45
RO A b AT I A S5, P WA RO SRS R A R RINER A FTR
R4 BUARBEMEREIRIR

Table 4 Evaluation index of model improvement performance

0 3 SRS FE I {H Mean average precision
B DCN SimAM qiﬂj*%')ﬁ .
Method Average precision ToU=0.50 IoU=0.75
AT SOLOVZ Light SOLOv2 — - 0.615 0.861 0.720
g

R SOLOV2 + DCN

N - 0.644 0.884 0.735
Light SOLOv2 + DCN
R SOLOV2 + SimAM
- NG 0.647 0.890 0.739
Light SOLOv2 + SimAM
7R SOLOV2 + DCN+ SimAM
BRI V2 DON Sim J J 0.652 0.892 0.743

Light SOLOv2 + DCN+ SimAM

N FRF I, — " FoR kR . Note: “/” indicates that this method is taken, and “— indicates that it is not taken.

SIADCN 25 B P RS B4 T 2.0 1 S5 e , 2 Rt Iy 28 4 AT M B 5 O 1 400
AR TR B (7 ) AR T 5 2530 A S B T AR v A A

mAM 8 J7 2 5 BT L S 2 5 B 2 0 o

R FERERE T 32 s g O 8
B2 R AT R B . IR IADCNAISE KBRS T MO A0 I SOLOV2 32 143 1
mAM P2 F7 LR SRR AR B0 65,200, IR RUASHESE KL T ECI R B SOLOVE B AT
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ARG 1R 2 BRS JBE SUA PR o B G RE T, adl i 45 5 T
AL DCN MG ATCS R B IHH SimAM, 7
R JEZ B, 2 THEERNZ AL RE T, 7E 38 b i 24
4 AT T 4 THSEERY 23 R ARORS B2, I HLXE /N B AR 8 73
FIRE WA R R A &, 2 T KR LU AR Oy B R
BH R B 2 M A A A O T s A S/ HAR
Yooy BIRCR 2E R IR, B 45 SRR W, Stk Ja Y
AR R SOLOV2 FE1E AF- BI RS 0 65.2 00, K I Y
SRR B L IR R4 T 3.7 AN A A BRI
S35 43 #) B i ) oA 0.195 s, P RE I F 1% G2 1 SO-
LOv2 B AL, i i S 0 R 2K, S Se B Ak kg
WAL TR A B At . (HL Pl T Ble kR B Y A 45 4
BOR, T ZERAR W5 T A RETG 2 3 20 & St as Ay
(0 5K o oA ol Bl i (9 5 2 B e oy T S P 2
TR B BB AT AR, A BB R0 A 1k K
SRR AR v R 1Y A T O B AL Bl B A
b SRR S 2 B PR E rp BEAT S IR HE B£8R 23 )
TAE.
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Instance segmentation method of Takifugu rubripes
based on improved light SOLOvZ

HE Jiaqi',ZHOU Siyi', TANG Xiaomeng', HU Xianhui', WANG Wei', CAI Kewei*

1.College of Information Engineering , Dalian Ocean University ,Dalian 116023, China;
2.College of Mechanical and Electrical Engineering, Dalian Minzu Untversity, Dalian 116650, China

Abstract In order to solve the problems of low image segmentation accuracy and poor segmentation
results for small targets caused by the uneven density of Takifugu rubripes, an instance segmentation meth-
od based on improved light SOLOVZ is proposed. Firstly, the structure of deformable convolutional net-
works (DCN) is optimized by adjusting the receptive field of the convolution using offset parameters. This
adjustment enables the receptive field to be closer to the actual shape of the object, leading to better seg-
mentation accuracy.Next, the parameter-free attention mechanism SimAM is fused in the last layer of the
residual module to capture more local information in the image, obtain target features at different scales,
and optimize the performance of the model for small target segmentation. The experimental results show
that the average segmentation accuracy of the improved lightweight SOLLOv2 model was improved by 3.7
percentage, and the segmentation accuracy of small targets was improved by 1.4 percentage compared with
the original model. After adding both DCN and SimAM attention modules, the segmentation accuracy of
the model increased to 65.2%. The results show that the improved SOLOv2 model can improve the detail
perception at the boundary, strengthen the model’ s ability to extract the features of small target fish
stocks, and can be used for accurate instance segmentation in high-density scenarios to achive accurate pix-
el-level segmentation of Takifugu rubripes.

Keywords instance segmentation; segmentation accuracy ; attention mechanism; small objects; pre-

cision farming
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