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Maneuver trajectory prediction of target based on

improved KELM and ensemble learning theory

KOU Yingxin, XI Zhifei, XU An, LI Zhanwu, YANG Aiwu
(Aeronautics Engineering College, Air Force Engineering University, Xi’an 710038, China)

Abstract; In order to improve the forecasting accuracy and generalization ability, a target maneuver trajectory forecasting approach based on

ensemble learning theory and KELM (kernel extreme learning machine) optimized by the modified bat-inspired algorithm was proposed. A KELM

model optimized by improved bat-inspired algorithm was constructed. Combined with the ensemble learning theory, the improved KELM neural

network was regarded as weak predictor to generate strong predictor, the structure and parameters of the strong predictor were continuously optimized

through training, and a target maneuver trajectory prediction model based on the ensemble learning theory was obtained. Based on samples of

different sizes, the prediction performance of the model proposed in this paper was compared with BP ( back propagation) neural network, support

vector machine and extreme learning machine. The simulation results show that the generalization ability and prediction accuracy of the prediction

model proposed is good.

Keywords: trajectory prediction; bat algorithm; kernel extreme learning machine; ensemble learning theory

0 TR R AR A H bR Y D R is g Bk, 4
> AR AL & 1) N AE AR B, 2F T XS H AR R Ok
iz gl A o FEAEDN A0 AR o AR A SO 47T
A FEH X EO H AR R R 1B Bl B A8 A B
) PN B A B S, RS R BB R Y 56
STE T 06 T80T B O 88 —H W — e S —47 3
( Observation Orientation Decision Action, OODA)
EER, TR B & R Y i SE B —
IR BRI RE A% Xt H AR s Bk 47 kG L
DR IHCAR AR — P REAS 0 H AR B Sl 8308 5 B Tl
MBERIE JT ik A B S

P JLAE T B AR LS B 0 7 32 1) F 55
I3 18] FH 5 Wi

« W B HE:2020 - 04 -06

EEWE 2 F TRICER KA YT I A (XZ]K2019040)

—PESHL, ERAFERIREIEN /B 1§
B A SR A AL G J7 v o 1 an STk 2 ]
1A RONEE I Eynil S W N TR R LA Ve Y% N I
DU, Rt — PR T 2 IR IR 2 U8 I Y32 S Ul
PRI SCRR L3 T BE Xt H AR I s o7 B A5 B AT AE
BRI OU , 31t — Bl Rl 5 28 G A Al 11 1 el st
IR UEPT 5 SCHRL 4 41X 1 Gk 100 55
TEAT RTINS E AR A S ik SE PR 22 9 A L, 4
H— P TR IR 2 B A Bl 2 I I B3k s 3
BRES AT XSRS H ARz s A7 (e i BE AR 2
e Ak BEME PR R A R TN A JRE PR S5 Tr) i, i i —
MRt 52 B A SRR BB U Ak . IR
TR R TS T F ARz SRR A o B i i

TEB R EHEAT (1965—) I, BRPUS N, Bod, 1L, 182 Uil E-mail : kgykyx@ hotmail. com



t24- e AN o 4

5543 &

)R (A S PR s i, BRIz sh R R
JER AW P s A 7, HiRi iz 32 38 £
TR 2R B2, A% G i 300N 53 1 TS 1k 72 4 > H
BRI BLB R s RIS, S 7 SN AERR s AR H AR
B3, E AR I — PR ABE I (14 52 e ey, B
SR 1) ST ISP O o7 1 2 2, DT TC 8 2 5
XPTAHT K o

T3 — TR AR 28 W 28 S %0 1 E S B0 5
B, BT B Py s s s A v 5 AR Rk pLE
PR AT IO . 40 SCERL 6 ] T SO A A
4 M 2% ( Generalized Regression Neural Network,
GRNN) R EF ARG RE ) o B I 2 i 1k LA
S e 4 —Fh T GRNN (1) & 7 ol % AT
AR T Ty s SCHRL 7 — 8 J B X 3 £ 4% ( Back
Propagation , BP) 11 22 0 28 £7- £ X W (E B8RS HL 42 Ry
HRAE TR L, 73 il $2 Hh — L T35t 4 57
AHVRLFHESRE LA ) BP ot 28 X 48 90308 T A
A, AESEOEATG B HET Y B Ar iz s A,
W RE SIS H AR AL Sl B30 4 B0 T, {H 2 X £
Ji R S B T BRI 2R A RIS B
T ey H 8y, JF B2 M2 R Zr ) D B 45 2
B ARy PR R A , PR S S5 s 0000w AR X A 3] S
FER T ROCR o

TS HuEE A S H0E, i 2 HARL
ST TN, 7RSI R O RO AR AT T 4
T —E AR BRI S, S50 k0
SRR TN RE S BRSSO E AR G, B AT
BRI S He JI AN R ME DA AL B ASE AU N FE AN B 2 1k
N B bRiz sl 5708 5 e SOAG BE AR . JES
RO 00356 T 0005 42 R o 28 1 445 45 AR
I HAR I3 52 ML 8l Bl B 2 ~) Bs A2 AL i) N 7E AR
T, ST A A R O R o LR R R T A
X [ Sk S 118 5 A O e RO P v, ELAR Y S
B e MEE AR . 22 O BT LA s SO B S5
B R, S H AR L3l B S FA A
(AR LM | AR PE TN 5 52 BE AL R P 52 ) SRR ALE
A H AR ALl 00 T Ay o A R TR S 450
A PEIME FIOORG B2 AN S FZ AL RE T 3 22 4 AN I M
DL A2 52 A s BT 1) AR Bl A5 S0 1 L
Ko AR, SR A — TN A AL H AR AL 30 3 i
T AR 40 08 I 2RI AR T 2 Ry
AL, BT T B S AR S5 R 1) 4 SR BB R
KA REAS S I AR IR S L AT A R sl
AT E— 20 B4 T s A 8 i AL XEE . 34, 4
JRy A AU 25 5ty B AE ARSI R A5 SR AN
FEOr TGO, B L) 58 B AR VIR A SRR Y

{57 (], e T2 e H AR BBl 0 A P00 E

N T RS EEMIES R L 2R
BRAFAE AN A SO H — 3 T 2k 9 (Kernel
Extreme Learning Machine, KELM ) FIAE p 27 > 7
R HARHLEh B AR LA AdaBoost. RT 55
2 A SHESE  KELM 28 [0 £ Sy 558 F0IM % , 1 4o
AW ZAG R TN G . T o — 2D S i m i
TNAPERE , —J7 T EH %) KELM 25 [ 25 14 5000 14
REZ 2 2 BN AEAT 28 BORAZ 2 5000 52 i 14 ), )
JH SR )l 5 2 03X S SR A T S, e
RAERBERIZHG 75— D7, % JE 3 AdaBoost. RT
SEAFEXT B U RO AS 2, 32—l B 3 0 1
{E 1Y) AdaBoost. RT 251

1 ZBRFESIN

% FR 2% 2] ¥l ( Extreme Learning Machine,
ELM ) & —Fho BUPE RE O R A 5 B 25 J2 i 1) o 22
M4, SEGERIF M ZEAH L, ELM $li22 [ 2% 2
e RV AT Al 190 2% 1 i 0 AL, AR b B 125
T ML ZACRE TR RO, B RAFINAEL
PESLERE ), A AT 2 % A R s (Rl ok
K/ o ELM A o 2% ) 2R I 1R

K1 ELM Mzt R 28254
Fig. 1  Structure of ELM neural network
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Tab.2 Simulation sample settings

BEARZRR FEARRYE VIZRREAROE R

IINEEAR 1 499 1 000
AL

KA 3 000 1 000

AN =N 300 1 000
FEAR 2

PN N 3 000 1 000

22 REEAR N GRBIE L5 1/ REA I
REE . AR 7S A T R Y 1 T 45 2R, 25
BP, ELM, KEIM, ELM-AdaBoost. RT, KELM-
AdaBoost. RT 1 SVM 455 1 5L 5 [R] B #F A 54
P25 R xF LB, f5 By ARy 5 —
AR RFIREAS 1 B R/ PEAS B2 A 1 iR R
INFEAS BB 28 S AN R il A2 A GBI
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AN PG IR A 1) 2 0 22 S X BB 1) 0000 45
R —E R

g 1 LA I FR B Sl 35 TS 2 ) 957
MR, B S 34 48 %5 % 2% ( Mean Absolute Error,
MAE) .}y J7i%2% (Mean Square Error, MSE) \J4—
1k ¥ J7 1% 2 ( Normalized Mean Square Error,
NMSE) LA & #H & & %4 ( Correlation coefficient,
Cor ) SEFEARXT B A TN 14 BE HE AT PEA, 28 SCIF
B :

MAE:%zf\xi—aei\ (27)

i

n

_ 1 R
MSE = - 21 (x, — £,) (28)
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Tab.3 Performance comparison of different prediction models for target X coordinate prediction

FEAS JAEE Bk MAE/m MSE/m NMSE/m Cor

SVR 9.064 9 116.975 6 3.035 8 x10°* 0.999 0

ELM 7.918 7 101.255 4 2.6279x107* 0.998 9

KELM 7.356 4 78.345 6 2.0333x10°* 0.999 0

2 ELM-AdaBoost. RT 6.492 2 62.988 3 1.634 7 x10°* 0.998 9
KELM-AdaBoost. RT 5.824 5 49.701 6 1.289 8 x 10~ 0.999 0

BP 17.212 2 44.305 1 1.000 0 x 10~ 0.998 9

SVR 6.927 7 69.474 5 1.8031x107* 0.998 9

ELM 5.5113 55.840 9 1.449 2 x107* 0.998 9

KELM 4.664 2 32.154 6 8.3450x107° 0.999 0

398 ELM-AdaBoost. RT 5.364 1 44.659 8 1.159 1 x107* 0.998 9
KELM-AdaBoost. RT 4.352 1 28.3317 7.3529 x107° 0.999 0

BP 11.012 8 213.090 4 5.5303x107* 0.998 9

x4 AETFNERI BAR Y FRFNEEEXT EE
Tab.4  Performance comparison of different prediction models for target Y coordinate prediction
FEZHA (R MAE/m MSE/m NMSE/m Cor

SVR 0.435 1 0.301 1 8.780 5 x10~* 0.998 8

ELM 0.484 3 0.549 6 1.600 0 x 10~ 0.998 6

KELM 0.392 7 0.2322 6.771 8 x107* 0.998 9

249 ELM-AdaBoost. RT 0.309 7 0.250 2 7.2949 x107* 0.998 8
KELM-AdaBoost. RT 0.274 6 0.108 0 3.150 4 x 107 0.998 9

BP 5.580 5 39.957 6 116.500 0 x 10~ 0.9861

SVR 0.382 6 0.171 6 5.002 6 x10~* 0.998 8

ELM 0.365 4 0.243 1 7.089 6 x107* 0.998 7
KELM 0.287 3 0.113 1 3.298 0 x10°* 0.998 9

3 9% ELM-AdaBoost. RT 0.263 0 0.179 8 5.241 59 x10~* 0.998 8
KELM-AdaBoost. RT 0.171 8 0.089 2 2.6020x107* 0.998 9

BP 1.583 1 3.744 5 10.900 0 x10°* 0.997 3
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Tab.5 Performance comparison of different prediction models for target Z coordinate prediction
FEAS HAR Bk MAE/m MSE/m NMSE/m Cor
SVR 32.2350 1.375 2 x 10° 0.006 8 0.998 9
ELM 31.5813 1.663 3 x 10° 0.008 2 0.995 3
KELM 29.028 9 1.272 9 x 10° 0.006 3 0.998 8
2499 ELM-AdaBoost. RT 20.208 0 6.016 8 x 10° 0.003 0 0.997 9
KELM-AdaBoosta. RT 14.658 1 3.304 1 x10° 0.001 6 0.998 8
BP 60.975 8 6.486 7 x 10° 0.0319 0.997 6
SVR 23.244 17 774.127 6 0.003 8 0.998 9
ELM 15.314 0 390.457 7 0.001 9 0.998 2
KELM 13.717 0 287.018 3 0.001 4 0.998 9
3998 ELM-AdaBoost. RT 11.818 1 220.449 6 0.001 1 0.998 7
KELM-AdaBoost. RT 9.3872 145.297 1 0.000 7 0.999 0
BP 36.833 7 1924.900 0 0.009 5 0.998 3
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Tab.6 Performance comparison of different prediction models for target X coordinate prediction
=Xy Bk MAE/m MSE/m NMSE/m Cor

SVR 96.683 7 1.139 8 x 10* 0.005 9 0.9959

ELM 115.712 7 1.685 4 x 10* 0.087 6 0.956 1

KELM 87.065 0 1.499 5 x10* 0.078 0 0.992 7

20 ELM-AdaBoost. RT 60.891 6 4.797 2 x10° 0.024 9 0.987 8

KELM-AdaBoost. RT 31.803 3 1.998 8 x 10° 0.010 4 0.998 5

BP 111.768 3 2.028 9 x 10* 0.1055 0.972 8

SVR 68.178 8 5.691 5 x 10 0.029 6 0.996 5

ELM 55.223 1 4.248 5 x 10° 0.022 1 0.988 9

KELM 38.992 1 2.046 2 x 10° 0.010 6 0.996 9

3000 ELM-AdaBoost. RT 47.424 1 2.896 8 x 10° 0.0151 0.991 6

KELM-AdaBoost. RT 11.080 7 1.774 5 x 10 0.000 9 0.998 8

BP 78.942 1 8.567 6 x 10° 0.044 6 0.989 4
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Tab.7  Performance comparison of different prediction models for target Y coordinate prediction
PEYNG TN Bk MAE/m MSE/m NMSE/m Cor
SVR 144.272 8 3.319 1 x10* 0.050 4 0.998 7
ELM 139.557 1 2.303 7 x 10 0.0350 0.994 3
KELM 117.429 0 3.468 1 x 10* 0.052 6 0.993 5
300 ELM-AdaBoost. RT 65.280 3 6.074 4 x 10° 0.009 2 0.996 2
KELM-AdaBoost. RT 35.639 2 1.665 6 x 10° 0.002 5 0.998 7
BP 157.940 5 5.605 4 x 10* 0.085 1 0.991 2
SVR 86.752 9 1.028 8 x 10* 0.015 6 0.998 6
ELM 126.840 9 2.539 8 x 10* 0.038 6 0.989 7
KELM 75.734 7 1.156 6 x 10* 0.017 6 0.998 0
3000 ELM-AdaBoost. RT 40.252 3 2.591 1 x10° 0.003 9 0.997 7
KELM-AdaBoost. RT 12.914 3 2.618 9 x 10 0.000 4 0.998 9
BP 90. 630 0 1.870 6 x 10* 0.028 4 0.990 5
*8 AETFIMERINS B Z SearTN1EEE X L
Tab.8 Performance comparison of different prediction models for target Z coordinate prediction
FEAR B (R MAE/m MSE/m NMSE/m Cor
SVR 161.073 2 5.018 9 x 10* 0.126 9 0.991 9
ELM 100.734 4 1.246 8 x 10* 0.0315 0.987 7
KELM 52.712 3 5.506 1 x 10° 0.013 9 0.998 3
300 ELM-AdaBoost. RT 62.480 2 5.695 6 x 10° 0.014 4 0.994 8
KELM-AdaBoost. RT 43.578 5 3.745 5 x 10° 0.009 5 0.998 5
BP 176.258 2 3.991 7 x 10* 0.100 9 0.967 3
SVR 102.739 7 1.913 1 x 10* 0.048 4 0.997 6
ELM 59.092 3 4.717 2 x10° 0.0119 0.994 0
KELM 25.383 1 1.676 2 x 10° 0.004 2 0.998 6
300 ELM-AdaBoost. RT 37. 6401 1.872 5 x10° 0.004 7 0.998 2
KELM-AdaBoost. RT 20.080 0 8.263 5 x 10° 0.002 1 0.998 9
BP 132.833 5 2.955 0 x 10* 0.074 7 0.998 1
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