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Fig.1 Display of self-made mussel image dataset
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3.10GHz i v g 4b 3 258 (CPU) LA 2 RTX 3090 ()
KB AL B2 (GPU) , A7 4554 512 GB. CUDA
AR 4 11.6, Cudnn JR A Ry 8.4, SCE i T
Python 3.7 #l1 PyTorch 13.1 YA FE M i fE1E 5
FIGRIE 4 S HESR

FERERLYIN SRl B v, il A 640 R R x64018 %
i RGB & F, 2k FH BE HL &S B T % (Stochastic
gradient descent, SGD) LIk , F M Z8 Il 2k i) 2 2]
TG R 0.01, s T3 R 0.937, A
BER0.000 5, #8250 ] hyp.scratch-low, fE ¥k
/Wbatch-size %4 8, & Epoch 1% A 50 %8 .
1.3 EENEE

YOLOVS J2&— B3 IR B 2% 20 19 5 A i 46
BT Z E A YOLO fit A& (YOLOvI-
YOLOv4™ ), B HL A& B i 1 A6 I0RG J F0 BE PR ) A6
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Fig. 2 CA attention mechanism structure
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Fig. 4 CST-YOLO algorithm model
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Tab.1 Experimental results of attention mechanism
[ 28 A3 75 e WAL il
Network Attention mAP, /% mAP /%
model mechanism
Yolov5s Baseline 99.497 90.628
YolovSs CA 99.500 90.633
YolovSs SE 99.500 90.327
YolovSs SimAM 99.497 90.510

3.3 REEHEE

Rk SToU i1 FHAE [ 45 2K PREXAE YOLOVSs
REARY b ) = RO #E 7 H S CloU \EloU 31 S AE [1]
AP PR X L S o 532K eREL SR 25 SR n
2R, ANE O PR Y mAP, 5 o5 FIT Box_loss
e 6 FE 7 frs .

SEERAS R, SloU 4525 PR %Y Box_loss A 11X,
mAP, ;o HE T 2 90.681% , %X T YOLOvSs 1 44
BT 0.053% . X W SloU 125 pRERE 5 42 =
T DL B A AS I ) R P
3.4 HBERIE

S 5 IE CST-YOLO 55 32k X A5 70 4 6 45 5 1)
AR AT — RPN Al S5 6 A ] A A5
R A% H AR R 5k MR g . B
YOLOvSs /F R B 1, 78 A a9 i D& e 48 1
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Fig. 5 Different attention mechanisms mAP_ 0. 5:0. 95 curve graph

K2 BARRHPIBER

Tab.2 Experimental results of loss function

P25 45 Network model P2k PREL Loss function T AHERJE Box_loss mAPOVS/% mAPo.5~0.95/%
Yolov5s CloU 0.015 99.497 90.628
Yolov5s SIoU 0.015 99.493 90.681
Yolov5s EloU 0.017 99.497 90.284

1.0
0.8t -
i e
T %06
Bl
P / N
@F 04f 7 —— EAMBURES CloU
® — FRIFRAREL SToU
0.2 BB R R E WoU
— AREBIREH EloU
0 1 1 1 1 I
0 10 20 30 40 50
#¥X Epochs
6 RKRFEEH MAP_0.5:0. 95 Hi£k [E
Fig. 6 Loss function mAP_ 0. 5:0. 95 curve graph
0.16
— STARTARE CloU
0.12 — FEHIBIRES SIoU
K o BB REE WU
B3 — B R R % EloU
= 0,08F Gk % Blo
s 3
R 2
0.04
0
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Fig.7 Loss function box_ loss curve graph
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Tab.3 Results of ablation experiment
[ 2% #5 Network model 2 Precision /% Al Recall/% mAPM/% mAP0,5~0.95/%
YOLOvSs 99.518 99.660 99.497 90.628
YOLOv5s+CA 99.323 99.809 99.500 90.633
Yolov5s+SloU 98.919 100.000 99.493 90.681
Yolov5s+TSCODE Head 99.475 99.660 99.497 92.136
Yolov5s+CA+SIoU+TSCODE Head 100.000 99.529 99.500 92211
1.0
0.8
®
£ <06 — XHB4 YOLOv5s
§ £ — YOLOV5s+AAFREER F7 YOLOVSs+CA
@S 0.4 — YOLOvBs+T-I& K452 RB YOLOVSs+SIoU
® — YOLOv5s+3udkf_E RSOk YOLOvGs+
0.2 TSCODE Head
: — YOLOV5s+AEFRIE R 77+ B3R 5% R 250+ Tk )
EFoCARRESL YOLOV5s+CA+SIoU+TSCODE Head
0 1 1 1 1 1
0 10 20 30 40 50
#¥X Epochs
E 8 JHRELSLIEmAP, . HZE

Fig. 8 Ablation experiment mAP, . ,, curve graph

3.5 Xftbkim

R T E B AR SC BT 4R CST-YOLO %32 % ik U
HARK I A %M # H5 YOLOvSs 553  Faster
R-CNN A TE H il G DUBHR AR B k4T 52500 1
SR A5 R ANER 4 PR CHE TS RS DU SCR X L
Ean &l 9 Firw o

S 45 WO R, Faster R-CNNU' B i LU
ResNet50 4 3= 1 W 48 19 B Be H Ao i 48232, 45

TUZE R A 18, mAP, s M 91.3%. CST-
YOLO 8% A6 I 38 B HE Faster R-CNN 8345 75
T 83 4%, BUARHM L YOLOvVSs L4 BT R &, (BA)3
Al W 2 S0 B M R I R 5K . CST-YOLO 5 ik 1
mAP, o N 92.221%, H YOLOvVSs 5 B 27+ T
1.583%., S 2RI, CST-YOLO B ik e {RIE
ARG 00 3 4 ) s 48t v T ARG IUDHS B, A IR DL A A
5 1 2 B P

®4 JLEXWHER

Tab.4 Comparison of experimental results

[EES FT M4 A I Hsf 1)
Network model Backbone Detection time/s mAP, /% MAPy 5005/ %
Yolov3s CSPDarknet 0.025 99.497 90.628
Faster R—-CNN ResNet50 4.968 100.000 91.300
CST-YOLO CSPDarknet 0.059 99.500 92.221
PR B 45 5 i FH 0 ) TSCODE Head , LS %
“nlte

ARSCEE T —FP 3T 2l YOLOVS 5k (1 iR
D1 H BRI 79 (CST-YOLO) , B 7647 B Tk
Ay T SRR ML AT AILAE AL R R Ak b SR
FEMIETE 5 CA RIS, AR THERIE
TRRE T, AR TN G T H AR X R A BB R
2 e E b S DU M B 2 5 SR FH SToU 452 2% pRIE, ik
il FRE RN % i AR 52 2405 50N AR 3R

PR VA SNIBE R /K S e Py Y S R Y eV AN
AR PR R 00 o SER 45 R Bk 1 CST-
YOLO BVE7E NG DURFAE I 531 77 T A3 FHE o

SR, FESZ AR 57 /N AARKE I | B e P 5
J5 AT TEASAFAEA R, FER A BB TE B 2t
— AR AL RGNS , LLRLG B8 52 24 1Y
B RE Z AL A AR 5, HEShILE LS BoR
FESZ PRI H 0 A J
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(a) JRE (b) YOLOV5sH IR B (c) CST-YOLOAJIZRE
Original image YOLOv5s detection rendering CST-YOLO detection rendering

B9 YOLOvS# CST-YOLO #% R xt Lk
Fig. 9 Comparison of YOLOVS and CST-YOLO detection effects
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Mussel detection algorithm based on YOLO

DONG Zhaopeng', YUE Xiaoxue', TIAN Zhongxu', HOU Sifan', JIANG Lisheng’
(1. College of Engineering Science and Technology, Shanghai Ocean University, Shanghai ~ 201306, China; 2. Dalian
Nancheng Ship Repair Co. , Lid. ,Dalian 116011, Liaoning, China)

Abstract: YOLO-based mussel (Mytilus edulis) recognition and detection technology is the key to achieving
mechanization and intelligence in the grading, seedling separation, and other operational links of mussels.
However, the unclear and indefinite external features of mussels present a challenge to improving recognition
accuracy. This paper proposes a mussel object detection model based on the improved YOLOvS algorithm
(CST-YOLO) , which integrates the CoordAttention attention mechanism to enhance feature expression
ability, uses the SloU boundary box regression Loss function to reduce the boundary box regression loss and
improve the detection speed of the model, and designs an improved decoupled head TSCODE to enhance the
detection accuracy. The algorithm testing was performed on a self-constructed dataset of mussels, and the
experimental results demonstrated that the CST-YOLO algorithm exhibited an improvement in accuracy (P)
by 0. 428% compared to the YOLOv5 algorithm, and mAP (mean Average Precision) at ToU thresholds of
0.5 and 0. 95 reached 92.221%, indicating a significant increase of 1. 583%. These findings highlight the
effective enhancement of mussel object detection accuracy while ensuring optimal detection speed achieved by
the CST-YOLO algorithm. The present study contributes to the advancement of machine vision technology in
facilitating the automation and intelligent production and processing within the mussel farming industry.

Key words: mussels; target detection; attention mechanism; loss function; decoupling head
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