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Abstract: To realize automatic fishing of sea cucumber underwater, it is necessary to use machine vision method to
realize real-time detection and positioning of underwater sea cucumber. In this study, a detection and localization method
for underwater sea cucumber based on improved YOLOvSs was proposed. Aiming at the problem of low contrast between the
sea cucumber and the underwater environment, a multi-scale vision restoration algorithm was introduced to process the ima-
ges to enhance the contrast of the images. The attention mechanism module was added to improve the feature extraction a-
bility of the model. The original model didn’t show good detection effect on small object of YOLOvS5s. The improved
YOLOvSs model replaced the original activation function and added a new Detect layer into the Head network which aimed

at small object. The improved YOLOvSs model was used

s B 87 .2022-09-14 to conduct experiments with YOLOvSs, YOLOv4 and
ELWB . ITEHFT 2021 R A4 20 m 30 H (LJKZ0535, Faster-RCNN on the same image data set. The results
LIKZ0526) ;2021 4EFE R T R AREE HFL5 G TR showed that, the improved YOLOvS5s model showed better
H (JGLX2021020, JCLX2021008) ; A& Toalk K=A1F 5% A= B8 detection accuracy and degree of confidence compared with
HEBINH (2023CXYJ13) other models, especially for small target detection. Com-
EE RIS —(1998-) , 55, RHEA Wl L WF 5T A, BIF5E 07 1] R AL pared with the YOLOvSs model, the precision and recall
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rate of the improved YOLOvSs model increased by 9.6

percentage points and 12. 4 percentage points respectively,
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which could meet the requirement of real-time detection of underwater sea cucumber.
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Fig.11 Curve of parameters varied with iteration times

Bl 1le SR T UIZR5E FIEUE AR 194510k h 42, 5K
(RSN TR ASORE 25, Y4 JoU 80 0. 5
i Biti 2 D11 25 0T 58 , )11 2 RV IRIE S 1 35 5 it
LR TR, BA B TRE; 100 WGERE, Ik
AR RIS TEEE A4 K PRAR(E TR B B/ IMEL (0. 02 247 ) 6

4 A

AT BUEK T S B ARk AR R RE , R
WHEAY YOLOvSs . YOLOvSs . YOLOv4 Fl Fast-RCNN
RN B G PR RN A B SR A T DI R A ik,

4.1 RIGERTEE

KA4WKRT U KEN OS5 B iGN
YOLOvSs 5 HoAfth 3 Fp A A 9 I 3K 45 R, 5
YOLOvSs FRIAH HE , S0 J5 1Y YOLOvSs #5874 fE i %
PEE299.6 N E T, B R 2 12.4 AN EH 58
P GRS 0 T TR AR R S B AR L R
i YOLOvSs S8 A T B (HJ2 AR L T H AR AT
A,
4.2 BSEKKRN

fdi I 2 37 9 YOLOvSs . YOLOvSs ., YOLOv4 #il



IS T U YOLO M2 M2 YK T ¥ S G 1551

Faster-RCNN X AH [R] (14 ¥ 2 BG4 T R 00, 2056 245
A 12 Fris,

M 12 ATLAE Y BGHERY YOLOvSs R & {5
/N E BRI R i A 3 RS | 5T A f 3%
PRI TRG A, X [m]— H bR 0y EAF BT, flan, /e
YOLOvS5s 4 i il 45 5% i, 76 &l 12b1 &l 12b3 F1 ]
12b4 FRAETETR S ; 76 YOLO4 HyA6 45 5 rb ) 1] 12¢1
AEAETUMMEARE A B TR, P 123 A7l il 1
12c4 FEAER#6 ; 76 Faster-RCNN £5 57 K] 12d1 1]
12d3 &l 12d4 #H LT YOLOvSs K iS50 77
TEIEAS , P 12d2 AR

*4 A YOLOvSs 5 YOLOvSs, YOLOv4 Faster-RCNN {4 gk
poi-a
Table 4 Comparison of properties between improved YOLOvSs

model and YOLOvSs, YOLOv4 and Faster-RCNN

o IR ofERh R AEAR A E]
(h) (%) (%) (ms)
B YOLOVSs 6.7 96.6 95.8 27
YOLOvSs 5.9 87.0 83.4 22
YOLOv4 7.1 77.2 76.3 32
Faster-RCNN 7.5 81.3 79.5 34
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Fig.12 Results of improved YOLOv5s, YOLOvSs, YOLOv4 and Faster-RCNN on sea cucumber image detection
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