H55% 45 17 S-S D | A = SO SO Vol. 55 No.5
2023451 JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY May 2023

E T SimAM ;T = 1 H Vi E AR AR AR T 77 3R

OB, THER,AIM
(M /RE TR () [FERES T2, LR BiE 264209)

W OEATUREGERBERRN T TEGEREL, RXTHRES, SEMMERRN NEES K, IS XA A
RN BEERNTERERD EFERRT GO EAEFAH RN ERRNK, 4PN EL2FRTHREN, KA XBLI A
SimAM & & 4 HL# 3 YOLOv3 A S 4T sk o, A B AL de SR AR A AR E R B AE F UM E H 406 B | TR E, AT 7
AN B, R RSB UREFEARES T LA ENF A, FLEBFIRAEHEABEZIRENLTH
AR, BB TG RE FRHABA N T X E BAAETIRBAT T 04, B0 T AL A b T A48 A8 A AR B9 32 IR Ak
Ao 7E SeaShips #t{E &£ F R B WA HABAA R ANFATFE TSRO FEIT mAP. 5 mAP. 75 4 5|5 2] T 96.93%
71.49% ,# M HEIXF] T 66 frame/s, ERAMEE EEATREFTHREF T HE, 5 Saliency-aware CNN,eYOLOv3 b E AR
WAt T EARAFAE 7% mAP.S 25 #RE T 9.53% 9.19% . KHAEA A H i F S LA MS B LA HARR N B mAP. S
K E| T 81.81% 4 iE T H A B A 4T By iz Ak 6k

SRR . AR AR 5 B A AL B IR B U YOLOV3; i % 5

FE SRS TP391. 4 XHERFRERD ., A XERS: 0367 - 6234(2023)05 - 0014 — 08

Nearshore ship detection method based on SimAM attention mechanism

GUO Ling, YU Haiyan, ZHOU Zhiquan

(School of Information Science and Engineering, Harbin Institute of Technology ( Weihai) , Weihai 264209, Shandong, China)

Abstract; Due to the complex background of ship targets and much irrelevant interference in visual images, it is
difficult to conduct ship detection. In addition, there are few datasets for multi-category ship detection and the
samples are often unbalanced, which makes the ship target detection performance degraded. Considering the ship
detection background interference, an improved YOLOv3 model was proposed by introducing SimAM attention
mechanism, which was used to enhance the weight of the ship target in the exiracted features and suppress the
weight of background interference, thus improving the model detection performance. Meanwhile, strong real-time
data augmentation was applied to improve the unbalanced distribution of sample scales, and transfer learning was
combined to improve the ship detection accuracy in the condition of a restricted number of samples. The
visualization results of extracted features show that the improved model could suppress irrelevant background
features, and the abilities of feature extraction and target localization were enhanced. Without introducing additional
learnable parameters, the proposed model achieved 96.93% and 71.49% for mAP.5 and mAP. 75 on the SeaShips
dataset, and detection speed reached 66 frames per second, indicating a good balance between detection accuracy
and efficiency. The improved model optimized the target features more effectively compared with the Saliency-aware
CNN and eYOLOv3 models, resulting in an improvement of mAP.5 by 9.53% and 9.19% . The mAP. 5 for ship
type target detection on Singapore Maritime Dataset reached 81.81% , indicating that the proposed model has good
generalization performance.
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Fig. 1  Ship detection background interference
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Fig.2 Improved network structure based on SimAM attention
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Fig. 8 Comparison of feature visualization in different scenes
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Tab.2  Comparison of improvement effect of different attention mechanisms
Jii mAP.5/% mAP. 75/% Y100 RO/ (frame-s ')
baseline 91.69 49. 64 61.55 66.44
pretrained 96.47 69.89 61.55 66.15
SimAM 96.93 71.49 61.55 66.16
CBAM 96.20 71.01 61.72 62.43
channel 96.99 70.95 61.72 65.80
spatial 96.93 70.30 61.55 65.29
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Tab.3 Performance comparison of improved models
x AP.5/%
ki AP.5/% Hews :
A4 m . 0 . . e
(frame-s ") ore carior bulk cargo general container fishing passenger
carrier cargo ship ship boat ship
Faster R-CNN 90. 10 6 89.40 90. 30 90.70 90.90 88.80 90. 60
Saliency-aware CNN 87.40 49 88.10 87.60 91.70 90.30 78.30 88.60
eYOLOv3-608 87.74 30 90.61 85.21 87.95 91.07 89.51 82.09
YOLOV3 + SimAM 96.93 66 96.49 98.68 97.39 99.02 95.29 94.71
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Tab. 4  Generalization performance of model on Singapore
Maritime Dataset %
s AP.5
YOLOV3 + SimAM YOLOv3
Boat 64.23 49.33
Ferry 88.69 76.76
Kayak 70.28 67.84
Sailboat 100. 00 76.97
Speedboat 71.35 56.76
Vessel/ship 96.28 93.71
mAP. 5 81.81 70.23
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