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Radar target track recognition based on spatial-temporal
relationship of track points
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Abstract: Radar target track recognition can help a commander to estimate the intention and tasks of the adversary, and facilitate the
decision making of the commander. However, little attention has been paid on the radar target track recognition problem. Given the radar
target data such as time, distance, direction, and so on, a radar target track recognition based on spatial-temporal relationship of track
points is proposed to solve the problem of target track recognition. The algorithm selects the attributes of radar track data and then
extracts the space characteristics of the track points in the spatial domain. The algorithm constructs the recursive neural network to
capture the characteristics of the track points in the time domain and realize the classification and recognition of the target track. We
conduct experiments through simulations, and the simulation results show that the proposed algorithm TRST can effectively improve the
target track recognition performance in terms of accuracy, precision, recall and F1-Score.

Keywords :radar; target track recognition; attribute selection; interval value feature; recurrent neural network ( RNN)
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Fig. 7 Accuracy vs. different track types

120F
=y LR

100} 99.70% 100% 100% 99.90% 99.90%q( 4o, ez 3

s 80 B2

= mm A

% 5 R
60

&

% 10
20

O e A WA BAE S A
8 TRST XA R A2 2 AU R0 (o4 1 6

Fig. 8 Precision vs. different track types

K19 TRST XAl itk SR A 4 [l 5
Fig. 9 Recall vs. different track types

120
0, 0, 0, 0, 0, -m%&ﬁ
Lol 99:86% 99,89/099%) %99.04%99.95 /"98-2%511&
S S A
= 80 S il
) S mm S
& 60 § o ] 2
%] |
= S
40 S
S
20
0 Z

s
WL A M B4R SA RMR
10 TRST XA AL RPN F1-Score
Fig. 10 F1-Score vs. different track types

P 7 2T, e i IR A [ B9 S R[5 ) 2 5

Pl R U 235 31 99% KL UL |, HE R Hn
PUINHER R >96% . X —45 R 5L UL, TRST 5334 nl e
iR HArAnal , 18l 8 W] TRST 7E i A7 6 25 H ARk
TUN PR HE R >97% , 3R B TRST 5532 %% T A7 28 3 fyi b
A IEREAS B SFUN IE A AR A i, 18 9 3R BI] H2e B S
RUFA JE 2 3 B A0 2250 09 A 8158 100% , 1% 8
H>99% , HAL AV FIIRAIAE 98% A4y, F& W] TRST 5474 X
BT A BT PPN RACRARIR 4. 18 10 H TRST 533219
F1-Score ¥J7E 98% LA I, 2P TRST BvAAE A 25y H
Bl b ERARGF I 5 1 T UM S5

L5 TR BT 4R B TRST 84— 28 HARA S F#B
BAYS R RCR, TR T TRST 7 H A i i1
S A R

3) TRST HEHARS A PEREXT LE

T YE TR TRST (AR, A SCHF TRST At
flb7 A>3 28 5 Wk X HE, L5 RNNL CNN 2R SR Y
(decision tree, DecTree) FEALARAK (random forest, RF) | &
HiAhZE D31 ( Gaussian Naive Bayes, GauNB) | {H %% | #h
# U147 ( Bernouli Naive Bayes,BerNB) fl SVM,, [ 44
BAERBIVEREMERG R KE603  A [BR A F1-Score | 5255
SRS 11~ 14 JiR

120
sV
[0BerNB 99.04%
100 [JGauNB [
I DecTree
IERF
80+ [CNN 76.05%
EEERNN 7077%
ES CITRST
%" 60 L
ﬁ 49.34%
39.69%
40}
31.20%
20+ 17.16%16.67%)

%

N 2 S S
FTF ST TS

E 11 ANESE ARSI e R

Fig. 11  Accuracy of different algorithm recognition

11 FBASAIFNZE D3R SVM U R R AL
2% R DU (CNN I RNN SR IR SRR — i, Dese
R RN BREATL AR AT 50 o A 3R A -, 1 AR ST HR 5 % TRST
PUBIAERR R A s, TR 1T TRST %532 T A7 2R 51 H
BRACae FLAR e R 48 e %, &1 12 v AR SO R B 1k
TRST B IHRE #E 5 3K 5] 99% 2 4b, it i 7 T Hifl il
2. B 13 B TRST 535 4 %> 99% ; 5 HAh 55 1 4
L, TRST 59k KME BEHE T T H MR, B 14 REIA ST
& TRST 5k 1Y F1-Score N 99% 2247, WA i T Hifth i1
SR TSR T A SO $& 58 TRST 78 H Frfin ik



ik B AT 115 -

%91 FF A2 KRR
120
I svM
160 E:!gerNB 99.32%
[ GauNB [
I DecTree
%0 [ RF
I CNN 75.90%
. [EE RNN 71.26%
EN CITRST
® 60
£
= 44.03%
20
0,
1050%

S
S L2 <& ¢ &S S
S P E T
2 & QZJ
K12 AR ROR R
Fig. 12 Precision of different algorithm recognition
1201
I SVM
100l EEHBerNB 99.30%
[ JGauNB
I DecTree
EERF .
80+ -CNN - 280/76.10%)
< EEIRNN —
o TRST
B 60t
=
Rz 45.79%
0,
wl 38.71%
20+ 16.91%16.69%

D> ®
%AQ,Q;&

NG & < ‘%&
0§ Q@é&‘ N Cé% § ¥

13 RS B A ]

Fig. 13 Recall of different algorithm recognition

120
I SVM
[ BerNB 99.31%
100r [ GauNB |
[ DecTree
[ RF
801 I CNN 75.96%
o [ RNN 71.27% [
S I TRST |
= |
S 60f |
¢ |
< -
40t 36.68% I 54140 |
207 12.95%

F 14

AFB N F1-Score

Fig. 14 F1-Score of different algorithm recognition

P ) R RCR
25 AT A SC AT HR L TRST By 78 1R 91 v i B

b = A A XS R, R B R T R 8 H AR iR
SR SR H IR A F1-Score, FRIAMIM 532
JEZ 4y IS, SVM T 22 43 2 ) 1 43 U R — 4K
2. AN DU A5 FIAN R DU 23 2 S ST
FEREA B P S PR L, 1 38 E ARl s 1 45 8
PEZ TR — 2 ST, WOR T DL 4 2R R R 45 2% . CNN
25 R I BCHE Y B 0 A B = (R B S R AR,
AR B R AR FEAR ALK RNN % 58 1 0 8 55000 4 it
FPRFE , {H & 2 18 3 B8 22 18] (1) G R AFRAE , PR R 50
BCRATY A B A 1], R SRR 30 2 3o U1 2B 3 e 1L U 12k
FEARIEIZ RIS YN B0 647 43 1, SO T 80 B i
IR BIROR  BEHLERAK i 224 P SR 2, T DA BE AL 2R
ARG A3 ZEVR A 2R L D SR AR i, (FL P S AT B AL
FRH B A 2557 SRR KA A A e 1 A0 A58 580 =2 1)
B2 ZRFFAE , PRI AT 720 5 531 RE AT F A ST 2 A B3k
TRST,

TRST B3k AE AT 0 AR 2Z 81, 1 5% 0 B
ATIEAARUEAL M T J5L R A0 B0 1 i 49 25 5 5 800%
R TR 2 1 ) R8T, FLVR, TRST Sk pe g T e 5 I T
S IE M IR T IR B AR D1, LIRS 3 A5 0 5 Hs
ZIA YOG FR 5 A T] P A 1T 2 e B[] e 471 44 B
TRB T IR EE I By B, TRST SR A T8 A
FAL TR P B0 19 20 25 8% RNN, A, TRST & %31 51
H bR AT BE R AT

4 %&£ it

AR SO XF 37 7R B RBE 75 55 H AR AT SR 1)
RO BT — iR T R I A I 2 O 2R Y AR AT
PURNEE: ISR B e x R Ik R B AT M e
SRIE A R R A 25 ) G &R E A IR BE A RPAE, fieJe A
et VA e 228 ) 24 10— 200 4l R A A 9 B 2 5 R R
SEBURT FUARATIE B 20 2R UM, O FLSE B 45 SRR, AL
e 53k TRST REA R = F AR PR 5 (4 HE 5 5 A
W% A R H F1-Score PERE
[ 1] LEE K C. Radar target recognition by frequency-diversity
RCS together with kernel scatter difference discrimination[ J .
Progress in Electromagnetics Research, 2019, 87; 137-145.
BELEDE K. BRG 2 0 MR SAR JEIR H AR IR S
JRELT]. 5 R S 4, 2018, 32(12):
76-82.
CAI D R, ZHANG T. Target recognition method of SAR

image based on joint multi-resolution representation [ J].

[2]

Journal of Electronic Measurement and Instrumentation,

2018, 32 (12) . 76-82.



116+ O R %34 %
[ 3] 0, 5kiE SAR BIE £ )2 W IE W61 58 K 7% H AR IR target track recognition based on convolutional neural
SRR AT, B IR SRR, 2018,32(9) network [ J]. High Power Laser and Particle Beams,
157-162. 2019,31 (9) : 93203-1.
XIE Q, ZHANG H. Multi-level regularization enhancement [13] WENKE S, FLEMING J. Contextual recurrent neural
of SAR images and its application in target recognition [ J]. networks[ J]. Machine Learning,2019, arXiv:1902. 03455.
Journal of Electronic Measurement and Instrument, 2018, [14] IR, AR, &XFFE. T L n g m I3 40 #r
32(9) : 157-162. Chan B3 1 = ZERT0f E LRFIE[ )], BOA 92k Sk
[ 4] JOU N Y. Radar target recognition using compressive P, 2017,47(14) :173-182.
backscatter[ C]. 2017 IEEE International Symposium on YANG F B, CHENG R, ZHAO D L. Research on 3D
Antennas and Propagation & USNC/URSI National Radio precise positioning based on multiple linear regression
Science Meeting, 2017, 421-422. analysis and chan algorithm [ J]. Mathematics in
[ 5] ZHANG R, ZHANG L, WANG Y, et al. Radar target Practice and Theory, 2017, 47(14) . 173-182.
recognition based on polarization invariant[ C]. 2018 12th [15] BANERJEE I, LING Y, CHEN M C, et al. Comparative
International Symposium on Antennas, Propagation and effectiveness of convolutional neural network (CNN) and
EM Theory (ISAPE), IEEE, 2018 1-4. recurrent neural network ( RNN ) architectures for
[ 6] I%ﬁﬁ,ﬁf%%,?%%,% FTF AEPSO-SVM &1 radiology text report classification [ J ]. Artificial
ik HRRP HARRBI[J]. RE LB 5H FH AR, Intelligence in Medicine, 2019, 97 79-88.
2019,41(9) :1984-1989. [16]  ZE0. Fak R M P BRI S b B[ D . 7% . 7
WANG C Y, HUANG P P, LI X F, et al. Radar HRRP G HFRHE R ,2014.
target recognition based on AEPSO-SVM algorithm [ J]. LI J. Simulation and processing of radar raw echo data [ D].
System Engineering and Electronics, 2019, 41 (9): Xi’an: Xi’an University of Electronic Technology, 2014.
1984-1989. [17] SRR RER. P05 BT k1], Besim i,
[ 7] GUOY, XIAO H, FU Q. ILeast square support vector data 2018(5) :27-29,33.
description for HRRP-based radar target recognition [ J ]. ZHANG L, XU ZH T. Sampling method for essentials of
Applied Intelligence, 2017, 46(2) : 365-372. weak words [ J]. Bulletin of Mathematics, 2018 (5):
[ 8] REE, X, Wdase, 55, 2T A KA R B e 9 27-29,33.
Hik HRRP H bR [J]. B0 & 4 K| 2018, [18] RARNE, sH2xIR. Hk T 22 T A1 U5 1) 25 T it 0 522 i)
41(14) .78-82. HE S L LT]. I E LR, 2018,45 (S2) .
YUAN J W, LIU W B, YANG M J, et al. Radar HRRP 555-557.
target recognition based on Hilbert Yellow transform [ J]. ZHANG F W, YUAN H J. Analysis of factors affecting fasting
Electronic Measurement Technology, 2018, 41 (14). blood glucose based on multiple linear regression [ J ].
78-82. Computer Science, 2018,45 (S2) . 555-557.
[ 9] CHEN]J, DUL, HE H, et al. Convolutional factor analysis 1EEZ®/N
model with application to radar automatic target BEER S 9IAE 1999 4EF1 2003 4E T4
recognition[ ] ]. Pattern Recognition, 2019, 87. 140-156. NI Tl R 2 R AR 2 - 2 o AR -1 2% 67, 2009
[10] PAN M, JIANG J, KONG Q, et al. Radar HRRP target AR TSR ESRAR N ST R E ARG 22 6, TR
recognition based on t-SNE segmentation and discriminant BB TV KRB EZ , FEBF T W AT
deep belief network [ J]. TEEE Geoscience and Remote FRE B PR R IR AR A =it B
Sensing Letters, 2017, 14(9): 1609-1613. CEN
[11] XU B, CHEN B, WAN J, et al. Target-aware recurrent E-mail ; yuqi. fan@ hfut. edu. cn
attentional network for radar HRRP target recognition[] ]. Fan Yuqi received his B. Sc. and M. Sc. degrees from
Signal Processing, 2019, 155: 268-280. Hefei University of Technology in 1999 and 2003, Ph. D. degree
[12] BEEE, WM&, & ETEHERMEMENFIL from Wright State University in 2019, respectively. He is

H s A O3 B 5T [T ], 3806 5 B F 3R, 2019,
31(9) :93203-1.
FANY Q, WEN P F, XU X, et al. Research on radar

currently an associate professor at Hefei University of Technology.

His main research interests include artificial intelligence,

computer networks, cloud computing, IoT, etc.



