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Radar target tracking algorithm in the framework of interacting
multiple model with glint noise
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(1. College of Electronic Science and Technology, National University of Defense Technology, Changsha 410073, China;

2. Electronic Information School, Hunan First Normal University, Changsha 410205, China)

Abstract; Aiming at the problem of the performance degradation of the traditional tracking algorithm when confronted with glint noise, a high

performance filtering method named as IMM-CKF was proposed by integrating the CKF ( cubature Kalman filter) into the framework of IMM

(interacting multiple model). In the proposed algorithm, the target state was modeled as Gaussian distribution, the glint noise was modeled as

Gaussian mixture distribution, and the occurrence probability of the glint noise was modeled as the first-order Markov process. An IMM framework

was then used to implement model-matched filtering for each Gaussian component. To further mitigate the impact of nonlinear observation condition

on tracking accuracy, the CKF was utilized as Gaussian approximation filter to realize recursive prediction and update of the target state. Simulation

results show that the proposed method not only has higher tracking accuracy than traditional algorithms such as Gaussian sum filter and particle

filter, but also has better real time ability. Additionally, the IMM-CKF can effectively estimate the existence of glint noise.
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Tab.1 ARMSE for target position estimation with

different glint probability

iﬁi:m

£ CKF GM-CKF SPF IMM-CKF
20.90 16.25 21.13 15.46
005 20.28 15.78 20.27 14.93
25.16 18.04 27.52 16.37

0-10 24.73 17.33 26.51 15.66
28.75 20.99 32.61 17.05

0-15 28.31 20.18 31.73 16.42
32.01 23.44 33.20 18.09
0-20 31.54 23.39 32.63 17.47
0.25 35.16 27.15 35.68 19.22
34.04 26.58 34.01 18.57
. 41.56 36.59 39.85 23.13
41.45 35.01 38.30 22.57




%5 4

i RN, S < RIS 25 P R B T A H 2 HE SR A 7R 1% H bR R R 5 1 - 147 -

IR 1 A, B DR A3, DU ARG 3k
() ARMSE tffiZ $4R AL Z T, IMM-CKF 533%
(1 BE foe fIG , L DA R I P S B9 ME 3 K, TMML-
CKF A T AT 0 P REH B V] X2

H AT SCSE . 2 B 08 6 4 S AR T, IMM-
CKF B 1 REERER HARIRES , 38 al R AR T ML 5 %
DRI A B AT R A T 6 4h T
& =0. 10 I, B0 B A e A [7] i %)t B LS A
PRMER 7R ], DL Ky IMM-CKE 45 21 (14 P BRI
HBMER MG T2 R di B 6 PR E R AR
H O T AR 3 B S HR A DA R R 7 ) )
IMM-CKF 4 1 5 B o (3 1) A IR AR e
PRI UG THEE RS SRS DLW & R4

10r t ﬁ»? T
b
! 1 NIt
ost 1 | [t g I
% ) i i B B i i
i i [ i
B I i bolil il
Rogl |l i i il
R I i i i
Il i i i i
- I bl IH
Er o A I
0.4 | I Gl il byl
= I I I
— v it
e | i i
o2p 1L IR ]
. | 1
NI~ Heiii
! [ i |
o Loost bodianitlntinenk 4 o dod L Sonnne L
0 5 10 15 20 25 30 35
Al /s

BI6  IRJRI A B 2 il 245
Fig.6  Estimation result for the existence of

the glint noise
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Tab.2 Estimation accuracy for the existence of

glint noise under different simulation conditions

& HER %
0.05 0.859
0.10 0.780
0.15 0.778
0.20 0.772
0.25 0.767
0.40 0.753
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19, B Y i 20 ) 5 CARE 28 A 325 2R IRl e 32 XY Hig
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16 GB RAM, X} 500 YR {5 ELIHAE RSB B E4T 48
T, 5 2 SR R 0B R AN 3R 3 R, /e AR
= A& LL CKF B kia 17 i (] 345 210 1 ) —
AR TR] VA AE o

F3 DK SR EETHE

Tab.3 Running time of the four algorithms

for a single run

PRI BTt El/ms - fis T E
CKF 7.4 1.00
GM-CKF 152.5 20.61
SPF 220.7 29.82
IMM-CKF 16.2 2.19

H12¢ 3 PSR AT LA 1, thF CKF 5954
KT A w4y, R RERT B . GM-CKF
1 IMM-CKF [#iz 478 (] 43 51 2 CKF (1) 20. 61 fi
2. 19 £ 3% 5 GM-CKF R ] T 20 4~ or it
IMM-CKF 2R F T 2 A 7 43 R 47 30 AL i 52 B
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