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ABSTRACT

Micro-Doppler modulation is a target signature that represents micro-motion state for each individual
movement, it is used in the technology of recognizing and classifying targets. The micro-Doppler frequency
appears in the form of transition of the Doppler frequency by basic movement characteristics such as rotation
and vibration of an object, and thus it can make it possible to track a target and classify it with high
recognition accuracy. In this paper, we model micro-motion signals of a drone, a bird, and human targets, and
analyze them in the time-frequency domain through micro-Doppler images to confirm the micro-Doppler images
to confirm the micro-Doppler characteristics of the target. To classify targets performing micro-movement, we
apply four deep neural networks, such as AlexNet, VGGNetl6, GoogLeNet, and ResNet34, to micro-Doppler
images input. Through simulation, we analyze the classification performance of deep learning algorithms
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according to the radar measurement data input set of each target. Simulation results show that all four neural

networks have more than 87% classification accuracy performance, and in the case of ResNet34, target

classification performance is the best with more than 90% performance on three scales of accuracy, precision

and recall.
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Fig. 1. Geometry of the drone rotor blades.
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Fig. 3. A kinematic model of human walking.
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Micro-Doppler Signature of Rotating Drone Rotor Blades
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Fig. 4. Micro-Doppler signature of rotating drone rotor
blades.
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Micro-Doppler Signature of Human Walk
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Fig. 6. Micro-Doppler signature of human walk.
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Table 1 Details of the drone databases.
Drone Type Dimension (cm) Range (m)
Bepop 38x33x3.6 50
AR 61x61x12.7 50
Phantom 52x49%29 50
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Table 2. Details of the bird flapping databases.

Bird Type Flap angle (rad) Velocity (m/s)
Chukar 2.5 12
Pigeon 1.57 1.5
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Table 3. Cla551f1cat10n performance evaluation of a drone
target.

;zzrrril:l?i Acc(:;:‘)acy Pre(c;los)lon Recall (%)
AlexNet 86.89 79.79 81.25
VGGNetl6 86.61 79.67 80.35
GoogLeNet 87.97 80.50 84.33
ResNet34 90.88 85.30 87.76

E 4. 2% 549 2§ 4% A%
Table 4. Classification performance evaluation of a bird
target.

;{;zrrriltllr:ri Acc(:;)r)acy Pre((;s)lon Recall (%)
AlexNet 85.93 79.29 78.21
VGGNetl6 85.46 79.78 75.52
GoogLeNet 87.19 82.66 77.89
ResNet34 90.92 87.74 84.56

B3z} A B As e
Table 5. Class1ﬁcat10n performance
pedestrian target.
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AlexNet 89.32 84.14 83.74
VGGNetl6 91.75 86.01 89.86
GoogLeNet 90.67 85.64 86.51
ResNet34 93.70 90.25 90.92
AALBISIEL 7 A HReke e A % 3,4

59 vebsiet

AL AE R Axjoi] 2 74 W odae]=e]

T 55 A5 2 v, AlexNet2> A&7} 87.4%,
A we} zps =7 }81 1%°]3, VGG-Net16-2 A&he
7} 87.9%, ALEE 81.8%, AMAEE 81.9%°|ch

GoogLeNet2] 7% A&7} 88.6%, AUz} A&
%7} 829%™, ResNet34+= A&%7} 91.8%, AL
=9} AT 87.8%2 A5S 7=k 17 12, 13,
4= A 57 A5 oldkE w71 $8l 7 A
T AEE ag=ZE el

Al 71219 BA4E EFE ol 4714 %l‘l = n
oF 87% olAke] 3t B AEm
1 Z0)|4] ResNet347} 714 E34=2lql *u‘%— s g
ZEUE o 5 ok =3k =8, é% Ef%‘%}
A FellA] Bz} FAe] tlE F

100.0

95.0

90.0

85.0

Performance rate

80.0

75.0

70.0

gl 12,
Fig. 12.

100.0

95.0

90.0

85.0

80.0

Performance rate

75.0

70.0

o8l 13, =
Fig. 13.

100.0

95.0

90.0

85.0

Performance rate

80.0
75.0

70.0

g 14.
Fig. 14.

www.dbpia.co.kr

Performance of drone classification

Accuracy (%) Precision (%)  =#=Recall (%)

90.9
88.0
86.9 86.6
_4 878
w”"
843
el 85.3
s
80.5
79.8 79.7

ALEXNET VGGNETI6 GOOGLENET RESNET34

Learning algorithm

EE BA9 ¥R Av adz
Classification performance of a drone target.

Performance of bird classification

Accuracy (%) Precision (%) —#—Recall (%)

90.9

87.2

85.9 955 87.7
82.7 A
79.8 7 sds
79.3 - /
’d /
A~ «
~——  _— 779
78.2 ~_"

ALEXNET VGGNET16 GOOGLENET RESNET34

Learning algorithm

£ pAe PR AL gyz
Class1flcat10n performance of a bird target.

Performance of pedestrian classification

Accuracy (%) Precision (%) == Recall (%)
93.7
91.8 00.7
89.3 [ 903
A //"’ -
e _
s ~_ 856 _
P ~ 20.9
/
84.1 A
‘4 86.0

ALEXNET VGGNETI6 GOOGLENET RESNET34

Learning algorithm

B3l 149 BF A% Y=
Classification performance of a pedestrian target.

437



The Journal of Korean Institute of Communications and Information Sciences "21-03 Vol.46 No.03

A APE SHellA 90% o)Ak Ao 71
FF7E A e A4S g 5 ok ole =Ry 2
5 FA-el HE B 22l 2 vA| =3 A5}
wor, e 548 7 gl7] wiiiel AlSsh
= 5ol 9 B s S ok
7k FA9] A 255 T3 OA 2489 viA &=
2] s Ao, o] F ASEE Y dlele]l R = %6P
W 7t 34 Ao R B 4 sk
v.d B

1 Rt
o1ge] M P A R Shlsisie 3
3

_LXJ,] Htﬂé Z E.:E'_ ll-_;_o 7]

EXWE =

3]
FEee AT A3

o =
Y olell S8R0 WY BAL A L L=
F4elA T e ATES QS 4 9le Ao 7Y

gt

(1]

(2]

(3]

(4]

438

References

G.-H. Park, D.-G. Kim, H.-J. Kim, J.-O. Park,
W.-J. Lee, J. H. Ko, and H.-N. Kim,
“Performance  analysis of interference
cancelation algorithms for an FM Based PCL
system,” J. KICS, vol. 42, no. 4, pp. 819-830,
Apr. 2017.

S. Choi, D. Crouse, P. Willett, and S. Zhou,
“Multistatic target tracking for passive radar in
a DAB/DVB network: Initiation,” /EEE Trans.
Aerospace and Electron. Syst., vol. 51, no. 3,
pp. 2460-2469, Jul. 2015.
F. Colone, T. Martelli,

Pastina, and P. Lombardo,

C. Bongioanni, D.
“Wifi-based PCL
for monitoring private airfields,” IEEE Trans.
Aerospace and Electron. Syst., vol. 32, no. 2,
pp. 22-29, Feb. 2017.

H. Ma, M. Antoniou, D. Pastina, F. Santi, F.

Pieralice, M. Bucciarelli, and M. Cherniakov,

(5]

(6]

(7]

(8]

91

[10]

[11]

[12]

(13]

(14]

[15]

“Maritime moving target indication using
GNSS-Based bistatic radar,” IEEE Trans.
Aerospace and Electron. Syst., vol. 54, no. 1,
pp- 115-130, Feb. 2018.

V. Chen, “The Micro-Doppler Effect in
Radar,” Artech House, Norwood, MA, 2011.
V. Chen, D. Tahmoush, and W. Miceli,
“Radar micro-doppler signatures - processing
and applications,” [ET Radar, Sonar and
Navig. Series, 34, 2014.

S. A. Musa,
detection based on micro doppler analysis in

“Low-slow-small (LSS) target
forward scattering radar geometry,” Sensors,
vol. 19, no. 15, Jul. 2019.

F. Fioranelli, M. A Ritchie, and H. Griffiths,
“Multistatic human micro-doppler classifica-
tion of armed/unarmed personnel,” [ET Radar,
Sonar & Navig., Mar. 2015.

A. Krizhevsky, 1. Sutskever, and G. E. Hinton,
“ImageNet classification with deep
convolutional neural networks,” Advances in
NIPS, pp. 1097-1105, 2012.

X. Han, Y. Zhong, L. Cao, and L. Zhang,
“Pre-Trained  AlexNet with

pyramid pooling and supervision for high

architecture

spatial resolution remote sensing image scene
classification,” Remote Sensing, vol. 9, no. 8,
Jul. 2017.

X. Zhang, J. Zou, K. He,
deep

and J. Sun,

“Accelerating  very convolutional
networks for classification and detection,”
IEEE Trans. Pattern Anal and Mach. Intell.,
vol. 38, no. 10, Oct. 2015.

U. Muhammad, W. Wang, S. Pervaiz Chattha,
and S. Ali, “Pre-trained VGGNet architecture
for remote-sensing image scene classification,”
2018 24th ICPR, pp. 1622-1627, Aug. 2018.
M. Lin, Q. Chen, and S. Yan, “Network in
network,” arXiv preprint arXiv:1312.4400,
2013.

C. Szegedy, W. Liu, Y. Jia, et al,
deeper with convolution,” IEEE Conf CVPR,
pp- 1-9, Boston, M.A., USA, 2015.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep

residual learning for image recognition,” 2016

“Going

www.dbpia.co.kr



s A g S o83 AEste 24 B 71 A #4

=

IEEE CVPR, pp. 770- 778, Las Vegas, NV,
USA, Jun. 2016.

[16] M. F. Al-Sa’d, A. Al-Ali, A. Mohamed, T.
Khattab, and A. Erbad “RF-based drone
detection and identification wusing deep
learning approaches: An initiative towards a
large open source drone database,” Future
Generation Comput. Syst., vol. 100, pp. 86-97,
Nov. 2019.

[17] T. A. Dececchi, Hans C. E. Larsson, and M.
B. Habib, “The wings before the bird: An
evaluation of flapping-based locomotory
hypotheses in bird antecedents,” PeerJ, Jul.
2016.

[18] E. Gambi, G. Ciattaglia, A. D. Santis, and L.
Senigagliesi, “Millimeter wave radar data of
people walking,” Data in Brief, vol. 31, Aug.
2020.

& X| & (Ji-Hyeon Kim)

201741 8 : FAbdstal iz}
B3} b =4

2019 24 : kst #1713
At A 4

2019 3Y~3A) : Bk
A71AA g} Al

<FlRol Az A,

dlolr] Al Az, A A5z

[ORCID:0000-0003-1425-2367]

Ht = & (Do-Hyun Park)

20199 24 HAbdiEgw ziz}
3t =4

20191 3Y~3A]: Akt

4 A7|AAe ) Aeksadat

= A

N

‘ ~ h <FilEel ARk ol Als
’ A, i AlzAz]

[ORCID:0000-0001-9885-1564]

Z & Y (Hyoung-Nam Kim)

19931 24 : FahFdgta 31
A7 )gEH sAF =4

19951 29 : Fagafeta %
AA7EET HAE =4

20004 24 : F3Fasta A
A7)t vk

20004 59 : EgFIEta 2
AT e AT

20004 59~20034 24 : F=FAAEAIA T Ak
ol a AloladTel

20031 39~2007\ 29 : Akt AR 71 5AE
s Z g

20074 39~2012 24 : YA & AP EAlE
S g

20091 24%~2010%] 24 :Johns Hopkins Univ.
Visiting Scholar

20151 9%4~2016%1 8% :Univ. of Southampton
Visiting Professor

2012d~31A) - AN St ARt

<Fltel AH3AaleAe, dolt] 2 At AlsAe,
wAlely, A Al

[ORCID:0000-0003-3841-448X]

439

www.dbpia.co.kr



	미세 도플러 영상을 이용한 심층학습 표적 분류 기법 성능 분석
	요약
	ABSTRACT
	Ⅰ. 서론
	Ⅱ. 신호 모델링 및 미세 도플러 특성
	Ⅲ. 심층학습 신경망 모델
	Ⅳ. 모의실험 결과
	Ⅴ. 결론
	References


