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Abstract: In this paper, Convolutional Neural Networks (CNN) are used to detect and classify micro-Doppler
effects of maritime targets by using generalized learning ability for high-dimensional features. Based on the
micro-motion model of maritime targets, two-dimensional time-frequency maps of four types of micro-motion
signals are constructed in the measured sea clutter background. These maps were used as training and test
datasets. Furthermore, three types of CNN models, i.e., LeNet, AlexNet, and GoogleNet, are used in binary
detection and multiple micro-motion classifications. The effects of signal-to-noise ratio on detection and
classification performance are also studied. Compared with the traditional support vector machine method, the
proposed method can learn the micro-motion features intelligently, and has performed better in detection and
classification. Thus, this study can provide a new technical approach for radar target detection and recognition

under a cluttered background.
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Fig. 1 Structure of three CNNs used in this paper
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|| =[0.34, 0.42] rad/s T,=26.4

SIhnE [5, 15] [-16, 16] - 2" Hz, 0.50 s f%3h 10 |&@ym|=[0.15, 0.17] rad/s T,=11.2  2°Hz, 8s
|| =[0.07, 0.09] rad/s 7,=33.0
|| =[0.61, 0.65] rad/s T,=12.2

578 [50,300]  [-160,160]  [-160, 160] 24 Hz, 0.25 s fssh 1110 |0y |=[0.95, 1.07] rad/s T,=6.7  2"Hz 8s
|| =[0.52, 0.56] rad /s T,=14.2
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Tab. 3 Results of target detection of different models
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{5 EC B[] (min) 41.92 57.15 43.77
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Fig. 7 Results of target classification via different models
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H Ar A5 5 i 4 1 %2807k « i B LeNet H #5245
AU AFISCR T MR EEEAT 5 &, 45 R &6 (b)
Fim. MEFETUEH, HSCRAME T4 dBE, %
K E RN R, L ASZSCRARLERIN
MSCRAK T4 dBHY, RAIHERFESCR T B 1M F#AK,

HPESCRAET-8 dB. 1 T-25 dBiY, X—AF L
DEA . Forp R sl B AR R B AR 52 SCREZ M
B, AR IEEZE S ESCRAL 240 ABI/5 A
TE80% IR IR o 3X — 22 1) 32 L bl R A RFAE i
SCRPFFAR M IREHIE A,  H T I ZREE TR A s e A L
25 v 2= 5 350 H FRARFAIE 55 FORE AR 1 e Sy 72 sk 2%
M. FESCRPEAE, ALK F HFRFFERES, 1R
KR Z 2R G400, A% RNSENME
TP BbAh, BB E R R R R A, R
XS CRIARS I AN 31 1 B A B8R 1 DTk A FH
4.5 SMBFELRER

K H X FF A &AL (Support Vector Machine,
SVM) 177 7268 [B1 38 A5 5 (1 i 45 B a3k AT H FmAS D0
R, PARA STk 55 7k RE . SVM
& — I T G R XU B /N TR U], 3 o A R T T
AT RIEVE, HAi R RWNEAR . SVMIR
UGB R 2 M2 50,2207 A EE TAR S SVM 436
Jrik, T CONNMEH AR 5 5K 515 RE
S R R TR A AN B A R A

% 4 ETCNNASVMAYEHE BN 5 55 K5 RELE

Tab. 4 Comparison of maritime targets detection and classification results based on CNN and SVM

R E=R (%) IRBIHER (SCR=-4 dB)(%)
SHTTIE RERR
SCR=4 dB SCR=4dB SCR=-12dB SCR=20 dB 5135 ARk W 1 W
CNN  0.0290 95.80 96.30 94.11 90.62 100.00 100.00 99.65 100.00
SVM  0.2207 80.52 79.90 77.81 77.31 84.30 84.46 73.56 94.25

B B, SRR, (1)K
G5 BT VR B 5 3T 1) 77 16 AT DASE B i T H b A
M, LESCRALT—20 dBE &L K Ak 22 48 1
90%. (2)7ESERL H bRkl J5,  dsk B 45 by AR
JE 5 2] B 77 AT LT H bradi T 4228, HAESCR
AMMET -6 dBEfPERERRE, fESCRAMKT-10 dB
B, R EARRRB RIS AT I0%, bEE
SCRAKZEFFAL, HirZ L2k TmE, it
MRWAERRE, SEER MR TRHE. 2
Wi Ar 00 P R ) 3 2 PR 35 R SCRAIME 45 Z U 47
P HAREsh R HPRE A . (3) A SCHE R 3F
R 22 SRR B IR RS 5 AL B AR AH Y, =
SETERL AN > KA HER 2 |, LeNetBi LA
Ko (4)2 TR S S0 50 207 A8 H ARAL I A7)
KB TSVMEAL Gy 25051, (BRATH M
A2 SCREZMAL K o
5 Zhig

A T —Fh T CNN RS B bRt

M5 732KT7vk . AERX—J5ikd, M CNNELAXS
TR IKIEAT 5 R R BEAT 7028 . SO A 7
& B BAE T AT CNNYINZRAT, H T H bR
MR 5 7338 A I AN 7 A5 RAREL T CNNAEH
IBAE 5 IR AL PR o E R sl R AR 3R R 3
(A PR AR 3 . SR GESVM AR 3K U7 VAR
bb, & T CNN G IR AR I AT R ) 5 b 5 HAT
L, WONEIEME L3 H ARSI AN K50 1
Bitge T, BEHIEEBRR, ERNEEY
B3E S ARSCRER H s B AR A 175 0 Aer il 0 24
RESS SR AL, JTRETALE I ik FIVAEN . 7 3
REDC A AN AE P S et 0 ik BE S8 7T, LSS IEAT
S TR T IEAE S S bRt b H AR A 73 AR e

2 % x|

[1] Darzikolaei M A, Ebrahimzade A, and Gholami E.
Classification of radar clutters with artificial neural
network[C]. Proceedings of the 2nd International Conference
on Knowledge-Based Engineering and Innovation, Tehran,
Iran, 2015: 577-581.



5 1

&

TLAF: FET BB M2 1 Ll B AR o 28071 573

2]

B8l

(4]

5]

(6]

(7]

(8]

(9]

MRz, SR8, TR 0% e 72 10 H rsr I o (B2 H
JJEHT). Bk, 2013, 2(1): 123-134. DOI: 10.3724/
SP.J.1300.2013.20102.

Chen Xiao-long, Guan Jian, and He You. Applications and
prospect of micro-motion theory in the detection of sea
surface target[J]. Journal of Radars, 2013, 2(1): 123-134.
DOI: 10.3724/SP.J.1300.2013.20102.

B, kR, EEIE, . 2T 2 EMEOMP A ) 78 f ik il
SRS 72T, TR AR, 2012, 1(4): 361-369. DOIL: 10.3724/
SP.J.1300.2012.20065.

Luo Ying, Zhang Qun, Wang Guo-zheng, et al.. Micro-
motion signature extraction method for wideband radar
based on complex image OMP decomposition[J]. Journal of
Radars, 2012, 1(4): 361-369. DOI: 10.3724/SP.J.1300.
2012.20065.

Chen X L, Guan J, Bao Z H, et al.. Detection and
extraction of target with micromotion in spiky sea clutter
via short-time fractional Fourier transform[J]. IEEFE
Transactions on Geoscience and Remote Sensing, 2014,
52(2): 1002-1018. DOI: 10.1109/TGRS.2013.2246574.

Chen X L, Guan J, Li X Y, et al.. Effective coherent
integration method for marine target with micromotion via
phase differentiation and radon-Lv’s distribution[J]. IET
Radar, Sonar & Navigation, 2015, 9(9): 1284-1295. DOI:
10.1049/iet-rsn.2015.0100.

Wagner S A. SAR ATR by a combination of convolutional
neural network and support vector machines[J]. IEEE
Transactions on Aerospace and Electronic Systems, 2016,
52(6): 2861-2872. DOI: 10.1109/TAES.2016.160061.

HCHOH:, 2R, AR, &5, T B A & MSAREIG H
FRIRGBIBEA [J). BiE2EKR, 2016, 5(3): 320-325. DOT: 10.12000/
JR16037.

Tian Zhuang-zhuang, Zhan Rong-hui, Hu Jie-min, et al..
SAR ATR based on convolutional neural network[J].
Journal of Radars, 2016, 5(3): 320-325. DOI: 10.12000/
JR16037.

Kim Y and Toomajian B. Hand gesture recognition using
micro-Doppler signatures with convolutional neural
network[J]. IEEE Access, 2016, 4: 7125-7130. DOI: 10.1109/
ACCESS.2016.2617282.

ER, Y, T, & RELEIERETRFALER[I]. Hik
4R, 2018, 7(4): 395-411. DOI: 10.12000/JR18040.

Wang Jun, Zheng Tong, Lei Peng, et al.. Survey of study on
deep learning in radar[J]. Journal of Radars, 2018, 7(4):
395-411. DOIL: 10.12000/JR18040.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

TRM, SR, R, & BT ERIEI M 4R K ik
SHERIE G EH PRI BFEE RS, 2016, 38(12):
2988-2995. DOI: 10.11999/JEIT161034.

Xu Bin, Chen Bo, Liu Hong-wei, et al.. Attention-based
recurrent neural network model for radar high-resolution
range profile target recognition[J]. Journal of Electronics &
Information Technology, 2016, 38(12): 2988-2995. DOI:
10.11999/JEIT161034.

EE, B8, M, & TR EE WS XS AU R
PR BRI S 5 [J]. T 5E RS, 2016,
38(11): 2972-2976. DOI: 10.11999/JEIT160031.

Wang Xing, Zhou Yi-peng, Zhou Dong-qing, et al.. Research
on low probability of intercept radar signal recognition
using deep belief network and bispectra diagonal slice[J].
Journal of Electronics & Information Technology, 2016,
38(11): 2972-2976. DOI: 10.11999/JEIT160031.

B, B, T, & —MIETONNRSAREMGA (AN 7
R[], TR, 2017, 6(5): 483-491. DOI: 10.12000/JR17075.
Xu Zhen, Wang Robert, Li Ning, et al.. A novel approach to
change detection in SAR images with CNN classification[J].
Journal of Radars, 2017, 6(5): 483-491. DOI: 10.12000/
JR17075.

W, ZiM, £ RS SITESAR HAR R 544y 28
TR [J). T IA %R, 2017, 6(2): 136-148. DOT: 10.12000/
JR16130.

Xu Feng, Wang Hai-peng, and Jin Ya-qiu. Deep learning as
applied in SAR target recognition and terrain
classification[J]. Journal of Radars, 2017, 6(2): 136-148.
DOI: 10.12000/JR16130.

WRANJe, e, 2595, 5. W NI H FRIR Bl RHIE A K R
PEAHT[T). Bk IR, 2015, 4(6): 630-638. DOI: 10.12000/
JR15079.

Chen Xiao-long, Dong Yun-long, Li Xiu-you, et al..
Modeling of micromotion and analysis of properties of rigid
marine targets[J]. Journal of Radars, 2015, 4(6): 630-638.
DOI: 10.12000/JR15079.

Prusa J D and Khoshgoftaar T M. Improving deep neural
network design with new text data representations[J].
Journal of Big Data, 2017, 4: 7. DOI: 10.1186/s40537-017-
0065-8.

A, 2RISR TIT MRS AR SAE K A 14 € 4R [D].
(iR 3], M /RIE DAL R, 2010.

Gao Jian-jun. ISAR ship imaging and cross-range scaling
with multipath and sea clutter interference[D]. [Ph.D.

dissertation], Harbin Institute of Technology, 2010.


http://dx.doi.org/10.3724/SP.J.1300.2013.20102
http://dx.doi.org/10.3724/SP.J.1300.2013.20102
http://dx.doi.org/10.3724/SP.J.1300.2013.20102
http://dx.doi.org/10.3724/SP.J.1300.2013.20102
http://dx.doi.org/10.3724/SP.J.1300.2012.20065
http://dx.doi.org/10.3724/SP.J.1300.2012.20065
http://dx.doi.org/10.3724/SP.J.1300.2012.20065
http://dx.doi.org/10.3724/SP.J.1300.2012.20065
http://dx.doi.org/10.3724/SP.J.1300.2012.20065
http://dx.doi.org/10.1109/TGRS.2013.2246574
http://dx.doi.org/10.1109/TGRS.2013.2246574
http://dx.doi.org/10.1049/iet-rsn.2015.0100
http://dx.doi.org/10.1109/TAES.2016.160061
http://dx.doi.org/10.1109/TAES.2016.160061
http://dx.doi.org/ 10.12000/JR16037
http://dx.doi.org/ 10.12000/JR16037
http://dx.doi.org/ 10.12000/JR16037
http://dx.doi.org/ 10.12000/JR16037
http://dx.doi.org/ 10.12000/JR16037
http://dx.doi.org/10.1109/ACCESS.2016.2617282
http://dx.doi.org/10.1109/ACCESS.2016.2617282
http://dx.doi.org/10.1109/ACCESS.2016.2617282
http://dx.doi.org/10.12000/JR18040
http://dx.doi.org/10.12000/JR18040
http://dx.doi.org/10.12000/JR18040
http://dx.doi.org/10.11999/JEIT161034
http://dx.doi.org/10.11999/JEIT161034
http://dx.doi.org/10.11999/JEIT160031
http://dx.doi.org/10.11999/JEIT160031
http://dx.doi.org/10.11999/JEIT160031
http://dx.doi.org/10.12000/JR17075
http://dx.doi.org/10.12000/JR17075
http://dx.doi.org/10.12000/JR17075
http://dx.doi.org/10.12000/JR17075
http://dx.doi.org/10.12000/JR16130
http://dx.doi.org/10.12000/JR16130
http://dx.doi.org/10.12000/JR16130
http://dx.doi.org/10.12000/JR16130
http://dx.doi.org/10.12000/JR15079
http://dx.doi.org/10.12000/JR15079
http://dx.doi.org/10.12000/JR15079
http://dx.doi.org/10.12000/JR15079
http://dx.doi.org/10.1186/s40537-017-0065-8
http://dx.doi.org/10.1186/s40537-017-0065-8
http://dx.doi.org/10.1186/s40537-017-0065-8
http://dx.doi.org/10.3724/SP.J.1300.2013.20102
http://dx.doi.org/10.3724/SP.J.1300.2013.20102
http://dx.doi.org/10.3724/SP.J.1300.2013.20102
http://dx.doi.org/10.3724/SP.J.1300.2013.20102
http://dx.doi.org/10.3724/SP.J.1300.2012.20065
http://dx.doi.org/10.3724/SP.J.1300.2012.20065
http://dx.doi.org/10.3724/SP.J.1300.2012.20065
http://dx.doi.org/10.3724/SP.J.1300.2012.20065
http://dx.doi.org/10.3724/SP.J.1300.2012.20065
http://dx.doi.org/10.1109/TGRS.2013.2246574
http://dx.doi.org/10.1109/TGRS.2013.2246574
http://dx.doi.org/10.1049/iet-rsn.2015.0100
http://dx.doi.org/10.1109/TAES.2016.160061
http://dx.doi.org/10.1109/TAES.2016.160061
http://dx.doi.org/ 10.12000/JR16037
http://dx.doi.org/ 10.12000/JR16037
http://dx.doi.org/ 10.12000/JR16037
http://dx.doi.org/ 10.12000/JR16037
http://dx.doi.org/ 10.12000/JR16037
http://dx.doi.org/10.1109/ACCESS.2016.2617282
http://dx.doi.org/10.1109/ACCESS.2016.2617282
http://dx.doi.org/10.1109/ACCESS.2016.2617282
http://dx.doi.org/10.12000/JR18040
http://dx.doi.org/10.12000/JR18040
http://dx.doi.org/10.12000/JR18040
http://dx.doi.org/10.11999/JEIT161034
http://dx.doi.org/10.11999/JEIT161034
http://dx.doi.org/10.11999/JEIT160031
http://dx.doi.org/10.11999/JEIT160031
http://dx.doi.org/10.11999/JEIT160031
http://dx.doi.org/10.12000/JR17075
http://dx.doi.org/10.12000/JR17075
http://dx.doi.org/10.12000/JR17075
http://dx.doi.org/10.12000/JR17075
http://dx.doi.org/10.12000/JR16130
http://dx.doi.org/10.12000/JR16130
http://dx.doi.org/10.12000/JR16130
http://dx.doi.org/10.12000/JR16130
http://dx.doi.org/10.12000/JR15079
http://dx.doi.org/10.12000/JR15079
http://dx.doi.org/10.12000/JR15079
http://dx.doi.org/10.12000/JR15079
http://dx.doi.org/10.1186/s40537-017-0065-8
http://dx.doi.org/10.1186/s40537-017-0065-8
http://dx.doi.org/10.1186/s40537-017-0065-8

574

B}
>

g3

ENE

£ & & N
T (1995-), H, IWREMEE N, it
FEBE . TEBETTIT N e B G T4
H. Bk,
E-mail: 965291799@qq.com

MR (1985-), B, AME N,
- +, Y. BSOS A S B R
TN 25 TN SRR
N s ER CHEAS ST
ﬁ 7, SRR T A T i
- L, B URREBRR A, HE

T e R =5,

E-mail: cxlex]11209@Q163.com

KoOBE(1968-), H, TLFTHMA, #H
B, BMLESIN. FEHAT I NERE
Wik ARl SRR (s R Ab AN
BEREG. FEXR#D ZHR
LI, BB P — 8522200, IIRE
BARKYP—FR1T: “HTHAS L
27 EERHPNE, NEHEHH I LH NS SRR
E-mail: guanjian _68@163.com

2H(1995-), H, ILREMWME AN, it
TEBE . TS0 AL G R RE R A T b
B H AR A

E-mail: 1012226010Qqq.com

X7k (1983-), 5, WAHRME N, 1
€, YR, WETT IR N AR T AR R
AN 5 H AR ReA I .
E-mail: Inb198300@163.com



