B I - M

534 % W2 202342 A Journal of Optoelectronics * Laser Vol. 34 No. 2  February 2023

DOI:10. 16136/j. joel. 2023. 02. 0178

— g LRk b H AL SG-Det

AP, KRB, DEE
CERU TR THAENURRA S5 TR B 280 HERT 232000)

FEE T U A ) 00 B AR AR I B R AE K R AT A A AE A I ME < KT R A A i RO SR
RE AR KN EGER BN EY RE . X R R B2 OROK R B br A I 580k 22 Al 3 4% & B 4L
PRt B0 A 09 H A R DU B VR O g o8 A W R K B BRI A W R . b itk AR SCHE SSD (single shot
MultiBox detector) () I & HEHE [ #F 47 o i . & iF 7 — Fl &2 JE b 19 — B B2 & DU A A SG-Det, — J7
I i %8 GhostNet (i 42 . X ShuffleNetV2 B 48 #F 47 1 5 # , & — B B 09 5% & 1k R 1E 48 30 ™) 4%
SGnet, MM H LW THEB S Ha, AT R/NEESGMEEKT RS, 50— FiH. M%
FEZFIH 6 A AR EE 8RR AR BRSO W RN AR, i T — A5 AR S E T L
i By s RBE F5AIE @il & A B (cross-scale feature fusion module, AFF) . 5 8 & 4 5] A 1 & 1 AL %
iy R AR AE A JR) T TE R JR) S T 5 T BEAT AL, g8 WA AR B AT U 2> R AR TE G B
THE . SR UG B AR Ze M A R B T R AU SR 4 )2 4 B RR AT 3 )2 B0 SUME B LB/ RN T 3 2
FEUN N T T A A R R B . BT A b [ KR LR N R R R AL 49 UK T B dE 4 UPRC #E 47 3
B, - 2 K WK B (mAP D FI B 2 Bk T 71,75 % M 69 FPS, HA B S 5B VA 4.91 M, 45
R PP B Y IR TR RS B R R S B0 2 IR UA T AR A 1 O A

KB MAEME; KT HBKRW; BEib; 85 RERE RS R

MESFES TP9.41 XEKERIRAE: A 3 E 4 5 : 1005-0086(2023)02-0156-10

SG-Det: A lightweight underwater image target detection method
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232001, China)

Abstract : Deep learn-based object detection algorithm has two main difficulties in underwater target de-
tection, which are limited storage and computing capabilities of underwater equipment and fuzzy under-
water images and small organisms gathering. This limitation requires the underwater target detection al-
gorithm to be lightweight and efficient,so the existing target detection algorithm can not fully meet the
needs of underwater target detection. In this paper,a lightweight one-stage detection model SG-DET is
designed to improve the network framework of single shot MultiBox detector (SSD). On the one hand,
using the idea of GhostNet for reference,ShuffleNetV2 network is reconstructed,and a new lightweight
feature extraction network SGnet is proposed, which further reduce the number of model parameters and
made the model size more suitable for deployment in underwater equipment. On the other hand, the net-
work mainly uses six feature maps of different scales to detect organisms of different sizes. For this pur-
pose,a cross-scale feature fusion module (AFF) using two-branch attention mechanism is designed. The
AFF module firstly introduces the attention mechanism to weight the input features in both global chan-
nel and local channel,so as to highlight useful information. To improve the problem of low detection ac-
curacy caused by small and fuzzy objects,the fourth layer with a higher degree of nonlinearity is selected

to enhance the semantic information of the first three layers,so that the first three layers have a better
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performance in identifying small objects with a small cost. The model is tested on the underwater data
set UPRC provided by China Underwater Robot Competition,and the mAP and speed reach 71. 75%
and 69 FPS respectively, while the number of model parameters is only 4. 91 M. The results show that

the proposed method achieves a good balance between precision,speed and number of parameters.

Key words: neural networks; underwater object detection; lightweight networks; feature enhancement
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Tab.1 SGnet network framework
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Tab. 2 Test results of the ablation experiment on the UPRC

Methods o, Parameters  Speed
Model s et AFF pBAM AT M /FPS
Modell N — — 68.95 3.75 81
Model2 N N — 71.55 4.87 71
Model3 N N N 71.75 4.91 69
Model4 — — — 68.75 34.3 46
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Tab.3 Accuracy comparison of model with AFF module or not

AP
Methods , , , m/;P
Holothurian Echinus Scallop Starfish /%%
With AFF 0.5540 0.7641 0.4995 0.7389 71.55
Without AFF  0.3935 0.7208 0.4365 0.7001 68.95

x4 HEEEL AFF EREBERLE
Tab. 4 Comparison of recall rate of model with

and without AFF module

Methods Holothurian Echinus Scallop Starfish
With AFF 0.5540 0.7641 0.4995 0.7389
Without AFF 0.3935 0.7208 0.4365 0.7001
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Fig. 6 Comparison of the detection effect with and without AFF module in the model
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Tab.5 Comparison of detection results of each algorithm on UWD

Methods Backbone Input size mAP/% Parameters/M Speed/FPS
YOLOV4 CSPDarknet53 416 X416 88.3 66. 3 36
YOLOV4-tiny CSPDarknet53Tiny 416X416 83.4 7.8 115
SSD VGG16 300300 80. 6 36.9 48
DSSD Residual-101 300300 94.9 33.4 34
SSD-ShufflenetV2 ShufflenetV2 300X 300 85.8 5.8 63
PeleeNet PeleeNet 300X 300 87.5 5. 36 77
Ours SGnet 300X 300 87.3 5.43 67
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Tab. 6 Comparison of detection results of each algorithm on UPRC

Network Holothurian Echinus  Scallop  Starfish mAP/% FLOPs/M
SSD 0.62 0.79 0.59 0.77 69. 25 40 485
DSSD 0.72 0.90 0.71 0. 88 80. 28 39475
YoloV4-tiny 0.59 0. 82 0. 60 0. 80 70. 36 3450
SSD-ShuffleNetV2 0.61 0. 80 0.57 0. 82 70.13 805
PeleeNet 0.62 0.82 0.58 0. 83 70. 25 508
Ours 0.65 0. 81 0.63 0.78 71.75 483
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Fig. 9 Underwater biological detection renderings
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