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Radar detection and classification of moving target using deep convolutional
neural networks on time—frequency graphs
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Abstract: Radar moving target detection technology is always a key technology in the field of radar
signal processing. The traditional radar moving target detection technology is only suitable for uniformly
moving targets, and the detection performance is limited. This paper proposes a radar Moving Target
Detection(MTD) method based on Convolutional Neural Network(CNN) time—frequency processing. It
extracts the Doppler shift information from the radar moving target echo, and then transforms it into
time—frequency graph with short-time Fourier transform. After inputting the time-frequency graph into the
CNN, the characteristic learning is performed to achieve the purpose of detection and classification.
Simulation shows that this method is superior to traditional moving target detection methods.
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Fig.1 Training result chart of LeNet model Fig.2 Training result chart of AlexNet model
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Table2 Network parameters table

parameter number of iterations  optimal parameter solving algorithm initial learning rate learning strategy step size gamma
value 30 SGD 0.01 step down 109 0.1
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(7] P 38 B0 R ORI R, RSB 9 LeNet [9 2% A (S RE PR IE4FAE 412 A0 G 40 B2, i L I 4 45 K A X 3 20, 2800
B, R RN
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Table3 Network parameters scale table
primary layer name convolution I~ convolution 2 fully connected layer 1 fully connected layer 2
network parameter scale 1520 25050 21025 500 2004
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5 YL RE

Fig.6 Learning rate
[ 6 %) a5 RIE

33 AEEHEXBEFREMNMSRXER

B8 HARA I [0 P 55 9 Zon i g, B RS S v i AR DA K AE R A T H bR, I, AR o KR
L0 F AR BRI ot A, AT 38 TR e 7 7 5 T R PR RE o B SE L 240 5K 128128 {5 3R 14 01 L ik A3t ] AR AR D B il
EXTBR AT INGR, Hop 8 2aa 3 HARIY A A1 25 60 5K o X T8k — iz s B, 205 AR -10~4 dB 1Y%
2 A AR HEAT I3, A e MRS I P R o B2 as B AR AR I R AR B A R L AR AL R A5 SR DL 7.

o AR I 3 R X A W ARE R ) S, T 2 400 5K 128> 128 8K I iy L A AT IR AR SRy BN B AR T
Tlgs, HhRedeia s B s B % 600 5k X T Rk—2Cia s Hn, U588 70 15t -10~4 dB 1926 H

B Ak A8 P HEAT I, A5 SR R DA A A R o 2K gl A A AR AR £ 1 LS AR A A5 R LA 8.

100

Fig.7 Curves of moving target detection results with SNR
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