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Multi-Scale Small Target Ships Recognition Method Based
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Abstract: A dataset division method was proposed to improve the recognition performance of multi-scale
small target ships on the sea surface. The data augmentation method, which contains the YOLOV5 algorithm,
was improved by integrating the attention mechanism and improving the loss function. Experimental results
showed that this method could better identify multi-scale small target ships on the sea surface, with the average
precision (mAP), precision (P) and recall (R) are 99.1%,98.5% and 97.5%, respectively. It suggested
that the detection performance was higher than that from classical deep learning algorithms and methods in the
past several years.
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Fig.8 Convolutional attention module
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Fig.9 Three YOLOvV5 models embedded in CBAM modules
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Faster-RCNN 74.2 97.7 96. 6 —
SSD 96. 4 87.0 9. 6 —
YOLOvVS5 97.2 95.8 98. 4 —
Seaships
SCHR[34] 93.1 94. 1 96. 3 —
SCHR[30] — 91.4 97.3 —
ARSI 98.5 97.5 99. 1 81.3
SCHk[12] 42. 4 27.5 — —
Caltech pedestrian
ARSI 54.2 46.5 — —

22 ATLLE 1, AT FasterRONN 19 P A5 24. 3% , R {HIN2£0.02% , mAP {5 2.5%,
LA L SEIR ) P E . R (EF mAP {HER S, ASCHIE L SCHR [32] 9 P{H. R {HF mAP@O.5 4
WHRTF T 5.4% | 3.4% M12.8% , R{EF mAP@O.5 Fb3CHk [28] %IETHT 6.1% F11.8% , # 4
FESCHR R, R 2 SCHRER AT 45 ) mAP@ 0. 5:0.95 FfHE, (LA FRM4AH T mAP@O0. 5:0.95 f1H,
I H mAP@O. 5:0. 95 L ANE, MMiASCH mAP@O. 5:0. 95 {Hi5%] T 81.3%

SCHEk [32] FASCER [28] LR TG YOLOVS IR EES: ) (9 EARAAIRINGE B S PRy B
BUNBCRAE, (R AR, XN B AR AU SR AN GE

ARIGEX T SCHR [10], BT3CEk [10] A AFARS, B DUA SO AT SCER [10] A Y
Caltech f7 ARG BOHE SN i Rl S5 Wos, P{EHAI R (L SCHR [10] 548 F+ T 11.8% I
19% , FBIARSCT LA R, WRAFTE A Bamaz ik, vl LA A 2 HAb

Zi b, RSO YOLOVS Bk, #8172 R/ BAR IO Zs &k ae, IF H BAA Rz
etk
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