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Research progress of radar imaging based on Deep Learning
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Abstract: Deep Learning(DL) has achieved remarkable results in speech recognition and image
object recognition, which has become the main processing method in these fields instead of traditional
processing technology. DL is applied to radar target recognition and classification, and has achieved good
results as well. Therefore, DL is tried to be applied in radar imaging. Based on the published literatures
in recent years and the characteristics of radar imaging, the research progresses of DL in radar imaging
are introduced. Its feasibility, sample selection, the generalization, and the evaluation of imaging quality
are analyzed. The application prospects of DL in radar imaging are outlooked.
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Fig.1 Radar imaging results of simple target
P A ARR T IR S
ME R, TEIATEE RS EE, T BE — K EL WA Rm MG E g, BTG A 2 AU
o AR, FIAMLIEX S Bk, Frsag B 2 DEUN G s 248w Bk b O X PR B TR A AR B, BT Y
GO — SR HAR Y 4 DU G o TR IR T R 150 TR S L I R B R O O A RS R R R B
ORI RAERLSE |, RO AR T . B



%59 1) FRNE: ETREFINEEMNGHARTER 1089

2 REFIBEHGHARAK

TR 2 ) F T 8 0k B B9 i 5% [ A e DL T SCHik[14], Yazici 1 BASR FHAG AR B9 7 33T T — Fiade 40 U 4 B (E
$7% (Iterative Shrinkage Thresholding Algorithm, ISTA)AYE I [ 2 2 B &% (R 45 &5 44 o X Bl s U9 1 3 4 T 25 X 45 45
¥, SISTABIEAE L, BA TR SOE BT /N E diR 22 . BN BEoE 2 i B BB K . R s i
KRR ML KFHERAT R WES I TR IEBG S B EGA . R RB™ . 46 LR H ik
(Inverse Synthetic Aperture Radar, ISAR)SAR!"™™ | Z%i A £ fi i (Multiple Input Multiple Output, MIMO) A&
28 MIMO A% 2020 Kbk 2% 9 15 fi 1% (Terahertz Coded—Aperture Imaging, TCAI)? | ISAR ¥ 1% > 2450 3 zh h 1%
(Synthetic Aperture Radar Ground—Moving Target Indication, SAR-GMTID)*, 7L, WIEAEFIEMG T, HWEF
P25 (i A 5 R, B TR IR R A Ty B R L TR R LA 4

21 ETEERGHNREFIEERET X

B AR A8 TR FE 2 2 4 1 i Ak B 38 L B i il A T R o Gao SR T — R IR R 2] B
UG T o % T R B A ) B R A S U 2R B B RS B B o DIk B B, 7R 35 01 ik B8 A S CNIN Y
25y A, CNN W46 1Y ) KRS IR IR AT e, 307k 22 e/, IR CNN 28 S50 iR BB, B
5 75 I8 ]Ik O A B R4 CNN 26, i s BB A4S 280 55 8 00 i X 1 1) R o b, DI 8080 P e T A
RUA B, BIVFESS MR XA, BEBLAE B T a5 B As 45 2092 80 H AR X0 09 13 B0 5 300 28 R R i 26 5
H br B iy BAE A% . 7RIk Dk B0 o B2 B0 . R 2 06 B I % (Complex—Valued Convolutional Neural
Networks, CV-CNN)YE R VR B 22 2] 2%, B EHdiTiE 5.

azimuth
N

range

y/m
(b) SPGL1

W s

B o8 02
06 -0.1 e
g T R A
= 0 T
04 01

02 022
0.3

02 0 02 0.2 0 0.2 0 02
yim y/m y/m
(c) RV-CNN (d) CV-CNN (e) real image

Fig.2 Imaging results of "NUDT" using different methods
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Fig.3 Real imaging of aircraft model using different methods
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Fig.4 Schematic diagram of MF(Matched-Filtering)-TCAI based on Convolutional Neural Network(CNN)
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Fig.5 Imaging presentation by the trained CNN for the validation target
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Fig.6 Reconstructions of the QMUL logo under different SNR values for CS and CS—-CNN methods
516 CSHICS-CNN JFikfEAR IR F 1 LT QMUL AR IR A B

B 7 2 B Y u—net W25 254 . & 8 J&— 8 7 7 K B R 15 m/s 1942 s A 09 i Ag 45 3, b (a) i RDA B 615
&, BUEE™H, (b) N4 u-net W28 75 A MR, (o) BRARHLSS i BEAL A IRTR . Sl BEUIR XS L, SR TR 2
2 48 BT LR R, RETH PR BUR  BR 220 . m TIEA TR AL iZ g S8, ATFENGTERER, HENgGZL
HAr i B SRR, 7 B AR T i FTRIOR 7 RS T 8 2 ik . Song P MR T — A BB &M 4%, @il



1092 AKZBEEE5BFEEER 521 &

kb, REVERH B E 12 B AR I (AL B

Cl 64 4
128 128 skip connection 256 L1128
128 256 ,I
IJ ’bx S —)I
—

70x70 70x70

]40><]4() I40\I40 140x140

—=> 3x3 conv+BN+Relu—=3x3 up-conv+Relu
- 2x2 Max Pooling 1x1 conv
—> crop+connection @ summator

Fig.7 Network structure of improved u—net
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Fig.8 Imaging results of a moving ship with azimuth velocity of 15 m/s
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Fig.9 Overview of the MCV-CNN architecture
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Fig.10 Profiles of the strongest scattering center
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Fig.11 Framework of ADMMN
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Fig.12 Images obtained by performing different methods on measured aircraft data
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Fig.13 Network structure of the GAN model
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(b) GAN results at 45°

(c) real images at 0°

(d) GAN results at 0°

(e) ray-tracing results at 45° (f) ray-tracing results at 0°
Fig.14 Comparisons with real samples and ray tracing(the order of the samples in each row was random)
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