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Target trajectory prediction by fusing wavelet decomposition and LSTM
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Abstract: With the rapid development of current air combat weaponry, trajectory prediction for high-altitude, high-speed, large
maneuver targets is occupying an increasingly important strategic position. In order to solve the current problem of insufficient target
trajectory prediction, this paper proposes a model integrating wavelet decomposition (WD) and long short term memory ( LSTM) network
to predict the trajectory of maneuvering targets. First, the input trajectory time series is decomposed into one low frequency component
(CD1) and three high frequency components ( CA1, CA2, CA3) by wavelet decomposition. Then, the component prediction is
performed by taking advantage of the long short term memory network for time series processing. Finally, the component prediction
results are reconstructed and compared with the original trajectories for verification, and the results show that the proposed model has
high accuracy for trajectory prediction. In order to exclude the chance of experimental results, two sets of data are used for validation in
this paper. The comparison experiments show that the proposed model has less prediction error compared with the other two models.

Keywords : trajectory prediction; recurrent neural networks; wavelet decomposition; long short term memory
AP ORI S SO B R 2R S 2% AN RE AR 7 5 K

HRFEAT T3 B IRE 17 A 1 72 SOA , DRI A ML 8l A7 8l Yy 552
it R 23 % A s A R A B AR

0 5l

i3

1 ey e BT 78 X T s OR B Ak, B
A 28 R — R s SEP AR, B 2R R T &
AL BN EE SR S B X H AR 1 s A BIE | I L A

Wk B . 2022-07-06 Received Date: 2022-07-06

Xt F AR I B E A, SR [ 1] 413 % Gk 1 9
BT IEAFAE TG BEARAY (R REER 1 56T Elman 1 22 4
2% (T o s S AR BB AT, {FUE T Elman 9

« ST E . FR HRFBIF 4 (72071183) (LT HARFLFEE4 (201901D111164) 1L TE44 [l [ B3 2 A SRR H (2020-114) | g 722

BRI 4 19 H (20191TA0cxy0023 ) ¥ Bl



513

BB /N A B AN LSTM 1Y H #5752 Fi) - 205 -

2R il LS HL25 B B A Jmy A /IS s ke s 5 S5l
RRRL N5 22 HL PR 22 50K, SCHR[ 2 ] 513047 ATE#S
ik P AANER E M, PR — R T R I HLEI Y LSTM
P IR H T2 DR ER Rl G SBT3 15
NP R R ey =W I AN B RN T S K T O 2
— I 2 ) SR o< fE A O T R AT N B 1 9 R
JJo SCHR[3TH&H T —FhZh A 1 RE 42 il (9 Bl 25 140 o) 2% 5
PR AT NS HA A AT NGE P 51 iz 2 Rk T
HOGTEHAS ] B AR EAE R C R B[R 447 v 1
IR IR DG , X8 B3 R AT 5000, Sk [ 4 ] 1 5 xd H AR
HOL 3 HE AT H O N g 2K, AR i 1) A& % ((back
propagation , BP ) #1128 [ 8 X LA T 150, {H BP9 2% 25 44
B R BRI B 25 SRR 22 8K, SCHR [ 5 1 ¥ 214
KT AL T 55 R AR AR LA 45 G, SE 80 1R A 24T
MIiEEE, SCHRL 6] #2 1 B o /R R RAR L R HEA T
TR A 7 A 5 SR A S AR S A, TS B
ORI DX TR R B4 F Sl SCRR[ 7-9 ] £ X BP #
ZEZR RS R BN T — R P 384 B RORL T REL A
SRR AT SR A 0 J7 vk SE X H AR B i B, SOk
[10] 20 T 923X B ARAR A & /Y T, ol LS4 i 35
FbR, A SRS T R R I 4R & 4R b o R T
e | T R 3 I fe /N T AR A G T ik, SR
(11X 4400 A7 iy Fol T S50 1] B2, 2t ) SR BIL S A
SE IR . WAL PR 5 R AT LU ) R TR A A Y
TS BE A SR SR A B, A0 5E T 1y PHL A Tt ) A6
RUrp R FHTC 3 R R 8 U8 A, 75 08T SN 1 AN A E
FERETHLB 55 v, R 3l 25 DL 37 19 46 4 A i o
BEHLICR 51 A B AR LS Y Bl v, AT A AR 25 Bl
W B ZONE N T A a5 XL R RN 2.
ZAGRI RS AR R 1) T 5T P S 0 S o Ay ) o 00 A 3
SCHR[ 12 ] 32 1T —Fioks 3l g 24 FURK (4 2R GEAH 255 19 3L
IR 7 1% R e /N5 ZEAG R S HUR A 92 PR,
IR HACA S Gl o J7 R v, DT A5 21 050 F0 (6, Sk
(13 TRE4 ] e 598 S R A s S 9% gl IR o 45 o 81 o 48
il gs BTt [E B 5 AT B )RS 04 A R s Sl A Ak 5k
M, A5 42 ) P J 1% 42 4 4 kg S BE A 4 42 o g J
ORI AR A S, SCIR[ 14 ] 42 2 F 6 PR 48 W 4%
XF Z2AER A AT NI A0 BN | S 56 235 2R s o AR
2% ) 4% RN A 2 T Al Do 286 TN BT FH B e i, {EL2 A
BT LSTM 4%, T iR 22 80K . SCRK[ 15 ] 385 o A
B T ok i 58 22 7 A A D PAL B Y — e T e Ry R
BBl H AR A 3 TR 22 18 1 Ry T ST I i 2 0 28 500 5
o SCHER[ 16 ] $2 HH— MR T 241557 1A ff CNN &
I R LI AR B X ) LSTM JF: B AR A 11 25 1)
2% S AR A AT S AU B0 RO A 55 TR S R
TEHUIAA A 2 RGe R BEEC Al G i S50 5 2 Hif

BONTTIZ N B BP 28 28 R0 B I 25 04 7 1 6 EE
BSUE TR T IR ORI ST RE ML SClR [ 17 ] FE T ik
AT et AR SO 1] SR iz FH AR AR Sk X
W25 R AR S BGEAT T 4k, A1 Eb DART 9 7 ik it — 2008
/T TN D) % 4 0 2% s ] g EL 00 A5 Rt A B Y
Fro SCHER[ 18] #& Hh 1 Rl /N Ik 43 ik 0 el i 45 FHUR 28 1)
KO TTEXT K HARSEAT IS, SCHR[ 19 ] 38— Fh 5
TN AR N O P BTG I 45 %) PN ASS R e
- HL L TR A (o A A T T, SO SR B BT HR A
RIEA R AR RE . TR 18-19 ] T IR A BT AL Y
ToOIN 25 SRR A B P HERR M AR SO PR O AR R A

BEXT E T RS B AR BN BE 5 AT A R
$ET1, Ht H ar s e s tERE IR B T4, X H AR i
DU ARG BEAR ) T T e oK, SR AR B ARSI AT HER
I, Ry 35 R HL B SV EE 2 R g & B PR R Ty %2
4 HAR S ARG L, T UL B X, e FIH
WD F1 LSTM 4% H B9 s, A SCHE T WD-LSTM Ay %Ll
TR AR WD K60 B (8] 30 itk 4 4
gii, SR JE R LSTM % i [a] ) 1) 4 314 0 35 %5 4 A543
ST A3 TN, o S K RN S Y 45 SR R AT EE A R R AR
BRI EE , B0 E T AR B A AR

1 BENR

1.1 INEDBREENE
5 [ 7 0 ol L A A L /NI o B RS
[ B8 2 11 BRSNS Ak 38 B A% 5 64T 430 B, AT FE AR T
CINDEEEDER= 0P % iy B o =0 Tl o = =2 I A= oL ]
AN SE PR ECE SN

e

1 r=b
el )
(o) /Nl BN BRA, 2t RBETRF o FI
PR T b BIIGH ¢, (1) G/,

XF T B OGO -

6., () =272 —k) jheZ (2)

BV AR e (discrete wavelet transformation, DWT)
b AT A5 5 647 50, 2 05 15 B 9 A5 5 2 B0t
B4y A9 B — A I P AE 5 A — A S 3 R A5
DR AR AR et 45 D B 45 - B O AH I DR bt A i AR 0
i, A AR RS B TG R I A S A
BT LA FR A A5 o3 i, AR AR S 30 5 5 T LA — 20 %) 4 fi
15 B WA 53 1 AMGHE — 25 1 43 A | AR 52 30 X6 Hg A 1L
I (B B0 BEAT 3 2 /NG A, o3 A 3 1 AR5y B2 R 3

Wf(a,b) =

(1)

GD(L,b( t) =



- 206 - LSRR R e o H31%
AR o L
J T AT A SCR = e AR AT IR A, 2 I X ® 888# — ;60 e
ELFEE Yﬂh 7 Wh A bR ES ZE_LE/J}HUHU £ )2 /NP AT R AL 10¢ w3 1R
~1.0 S
S K B2 A /NS R BVE DD LSTM R 45 (1% A {.ﬂ e
ZEEANE 1 ~6 R, 0 20 40 060 80 100 120 140 160 180
uE
5000 ——— RS 200 s 2 "
—— 0 Eﬁ’w’v“m’WW‘MVJ\/‘MW'JVWWM\/V\MVw\/\ﬂ;’\N‘\,««/ﬂ‘w"wu‘WW'\
0 T 0L . | . . 1 P I B )
~5000; T T T R R 0 20 40 60 ;05 100 120 140 160 180
5 4107 453 1RH 3 IRH
0 ’:’”’ - T . PW/W»\} A A WA AN~ A - /\/\/\/\ W'\ //\ v
A= w5 & B U@ TGD 18 10 T 020 40 60 80 100 120 140 160 180
453 2RH 5 ; M3 ARH | 1
VoY VY A~~~ /VV\mAV A “ —(5) E «/\J\-[A/Jr\/‘\/w \/\ .\VWA‘AV\W\/?M JV.V\’J\VR\W\J‘MA/‘M‘\J‘T“\“‘.\V .
— 4-0 6-0 I [T T R T T 0 20 40 60 80 100 120 140 160 180
4503 3RH , %5
B3 Y N i R A
j E, M/vv N~ anny ™V AN \’"\/\,\\/,\/\/\/ V\ﬂ x v\/\/»/\ \A\\ M
s s ) Fig.3 Y-axis wavelet decomposition coefficient
G080 10 T30 10 160 T80
0 thss 45K
0 F/V AN oA Ar AN ey U oo (S
N L L L Vo s —
100730 20 60 80 100 120 140 160 180 - 888# ‘ : , ‘ ‘ , ‘
0 100 200 300 400 500 600 700

Bl 1 X Nl 28

Fig. 1 X-axis wavelet decomposition coefficient
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Fig.2 X-axis reconstruction wavelet decomposition coefficients
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Fig.4 Y-axis reconstruction wavelet decomposition coefficient
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Fig.5 Z-axis wavelet decomposition coefficient
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Table 1 X-axis prediction error table

MAPE RMSE
WD-LSTM 1.297 6 60. 869 5
WD-BP 2.669 0 121.850 7
WD-RVM 4.722 4 243.823 9
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Table 2 Y-axis prediction error table

MAPE RMSE
WD-LSTM 0.702 7 21.874 1
WD-BP 3.134 0 89.504 1
WD-RVM 10. 689 0 308.498 1
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Table 3 Z-axis prediction error table

MAPE RMSE
WD-LSTM 0.4118 52.472 6
WD-BP 1.039 7 127.078 1
WD-RVM 7.5115 1.024 5x10°
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Table 4 X-axis prediction error table

MAPE RMSE

WD-LSTM 0.017 9 5.667 2
WD-BP 0.018 3 5.6825
WD-RVM 0.091 4 26.843 4
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Table 5 Y-axis prediction error table

MAPE RMSE

WD-LSTM 0. 068 7 5.089 1
WD-BP 0.561 0 41.4125
WD-RVM 9.776 9 709.013 2
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Table 6 Z-axis prediction error table

MAPE RMSE
WD-LSTM 0. 006 9 0.3250
WD-BP 0.0217 1.019 3
WD-RVM 0.089 9 3.929 4
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