J K I I C Journal of the Korea Institute of Information and
Communication Engineering

=M B EAISHS|=2X| Vol, 26, No, 1: 104~113, Jan, 2022

re

OFDM &|o|CtE 91t Hald 718 52| 72| | &&= FF 71Y
A8 - A

Deep learning-based target distance and velocity estimation technique for
OFDM radars

Jae-Woong Choi' - Eui-Rim Jeong”"

'Graduate Student, Department of Mobile Convergence and Engineering, Hanbat National University, Daejeon,
34158 Korea
TProfessor, Department of Information and Communication Engineering, Hanbat National University, Daejeon,
34158 Korea

2 o

2 =20 4= OFDM gj|o|thE I3t "l 7|RE 22 9] A 9 &5 27 7|9& A Qkteh Al¢tsh= 7132 &
A0 2 0E| WHATEL 541 AL 2 WOl WRALE A7 52091 FFTS 53] 220) 77 2.8 o), 7755 7|2 9
Ao HPHOIA 1) A 2] W S 2GR B ALBolT], 27| wol 4 A H-S F 2] 9AE e ] 4
A W &5 242 96l d 2] AMg-El= 7] 7]'H-2 CFAR (Constant False Alarm Rate) ¢l 2] &o|t}. BFH A|¢ts}
= 71L& t}& &3 CNN (Convolutional Neural Network)2- 0]-835}0] Azl W &= 5 2ot} 7|& 7| HI g
ARt 712 7] = o] Lfof] A3 MY} Zro] 712 Q1 FH It 88FR] grot ALg-617] He|sith. FFE Al o]
A Aatol| 2 A9 =4 72 7|2 7Y E} A 2] 9 &% 374 MSE (Mean Square Error) 22} 4852 5Hj o]4
AAT3H0] 4541 OFDM 41 7|47} 71 ak5 H8Hes} ke BA1S 2,

ABSTRACT

In this paper, we propose deep learning-based target distance and velocity estimation technique for OFDM radar
systems. In the proposed technique, the 2D periodogram is obtained via 2D fast Fourier transform (FFT) from the reflected
signal after removing the modulation effect. The periodogram is the input to the conventional and proposed estimators. The
peak of the 2D periodogram represents the target, and the constant false alarm rate (CFAR) algorithm is the most popular
conventional technique for the target’s distance and speed estimation. In contrast, the proposed method is designed using
the multiple output convolutional neural network (CNN). Unlike the conventional CFAR, the proposed estimator is easier
to use because it does not require any additional information such as noise power. According to the simulation results, the
proposed CNN improves the mean square error (MSE) by more than 5 times compared with the conventional CFAR, and
the proposed estimator becomes more accurate as the number of transmitted OFDM symbols increases.
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Fig. 7 Learning curves for clutter absence periodogram:
(a) distance MSE, (b) velocity MSE
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Fig. 8 Learning curves for clutter presence periodogram:
(a) distance MSE, (b) velocity MSE
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