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Abstract: The data volume of millimeter—-wave security imaging is relatively small, and the data
volume for uncommon types of dangerous objects is even smaller, with the data exhibiting a long—tail
distribution. Security inspection requires fast detection speed, and existing deep learning methods are
not yet fully applicable to millimeter—wave security imaging datasets.To meet the needs of daily security
inspection, a method based on the YOLOvS algorithm is proposed for feature extraction of human hidden
targets in millimeter—wave security radar imaging. Firstly, the YOLOvS algorithm framework is studied,
and a Focal CloU loss function is proposed to re—weight the samples and reduce the long—tail effect.
Next, the dataset is processed by cropping the targets and randomly pasting them into existing images to
expand and balance the data volume among different categories, achieving the purpose of resampling.
Finally, the Squeeze—and— Excitation Network(SENet) attention mechanism is introduced to improve the
accuracy of target recognition. The validation results show that the mean Average Precision (mAP) of
human hidden targets using the proposed method reaches 85.4%, which is a 4.7% improvement compared
to the original YOLOvS algorithm. This performance meets the detection requirements for daily usage
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scenarios.
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Fig.7 Instance after segmentation

7 oy VG EAR S

F T — A 28 0 4 1 I R B9 15 B0 2085 07 % R B % i 1 [] — W A S O R iR kA5 U %, S e X T2
HH ) AR BEAT - R R, M A SO — T REAS, TS B B AR R YT SR, BRI F AR R R AR
RIS AN IOLRS | JERR, R/N . HLAA AR BE S BRG]

AR 2 A F bR ARG LA RE . BEHLOL B HGERI I A oh, SCBUEE R9 T FE . 20 ik B SR 9 5E £ 20 000
ASLH L 15 000 A SEBIAN10 000 AL, T2 3 A K dln e, R KR e B A RO o PSR IA Y B T P 8 B, Al
LA, 975805 B I 2R A 45 A R AR [0 1) S {91k S48, R LD A0 TR R B AR S 35 16 S OR8N, [l s AT i
D B30 B R S I AR AR 3 A [ 2l of A o UL DR, DA TR ) 5 R A

3000 -
4000 - 2000
2500 |
3000 2000 } 1500
. g .
3 £1500 9
52000 z §1000F
z 2
1000 |
1 000 [ 500
500 |
0 L L 0 L L 1 0 1 1 1
B C D G K C D G K B C D G K
dataset dataset dataset
(a) 20 000 data extension (b) 15 000 data extension (c) 10000 data extension
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