%84 5 5 1 H
20194F10 A

ik R

Journal of Radars

Vol. 8No. 5
Oct. 2019

ITIAE KRB =G S F RN T3

Wit RAiEs RERZ KR%
(BFHBEKXFRELEEHBIEFERR RAF 611731)

i I

B E: B3R SB3YE S R G AR R R R GRS, SO B A oK B 8134 R 48 T AE
B A5 SRR UG FAT T A2, HRREE 2 2] i A AR 28 ) 45 (CININ) A PR 00 77 92 R0 AE [ U RS i
AR T NAR 2R G S A o AU, BT = (R R g VR R T-Y O L O MRS I 7 238 vl S B S R o
BT IR ARSI 5 v I s R TR SN, AR PR T B ) SR A A I AR, a8 SN T, FLAR B AR DA L
SPREE, VRGN YRR . ST Y OLOMR I VL M4 S 5 A% . WIZRAEIT K, ARIZ 07 i AE R 3 B 5 A6
DURERS ORI N, SR T W17 2o 450 Si2 I P SR A v PR R 2

KR TR G . SR IBGY; BRI L BRI AER A

FEISES: TN9I5T.52 XHERARIRAD: A YEHES: 2095-283X(2019)05-0578-11
DOT: 10.12000/JR18089

IR AE, B, RV, 5. TR = 4G S Rl v [J). F kAR, 2019, 8(5): 578-588.
doi: 10.12000/JR18089.

Reference format: SHI Jun, QUE Yujia, ZHOU Zenan, et al. Near-field millimeter wave 3D imaging and object
detection method[J]. Journal of Radars, 2019, 8(5): 578-588. doi: 10.12000/JR18089.

Near-field Millimeter Wave 3D Imaging and Object Detection Method
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Abstract: Active mm-wave linear-array 3D imaging system has become one of the active research areas in the
field of imaging for human security. In this paper, the operating mode, signal model, and imaging algorithm are
introduced. Deep learning algorithms, including the Convolutional Neural Network (CNN) with heat map and
You Only Look Once (YOLO) network, were used for the object detection of human security image. The results
show that the method based on heat map and YOLO can both detect foreign objects. We find that the CNN
with heat map has a simple network construction and can be easily trained, but the detection process needs to
traverse the whole image, which is relatively time-consuming, and the size of the detection region cannot adapt
to the objects. On the contrary, though with a relatively complex construction, YOLO network has advantages
in terms of detection efficiency and accuracy. Furthermore, the size of the detection region can adapt to the
objects, which is more suitable for the human security imaging application.
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Fig. 1 The geometric model of near field millimeter wave 3D imaging
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Fig. 2 The 2D imaging result
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