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Target Recognition Based on Dynamic Bayesian Networks under High Dynamic
and Complex Conditions of Environment

XIA Minghui', WANG Xiaoping'?, LIN Qinying', DI Fangxu', WANG Zhe'
(1.Aeronautics and Astronautics Engineering College, Air Force Engineering University, Xi'an 710038,
China; 2.National Key Laboratory of Photoelectric Control Technology, Luoyang 471009, Henan,China)

Abstract; Aimed at the problem that the SBN network model fails to meet the requirements of the dynamic
performance and regularly and accidentally mistake target recognition, a new target recognition model is
designed based on variable structure dynamic Bayesian network to improve the capability of target recogni-
tion under high dynamic and complex electromagnetic conditions of environment. This modified model is
developed by Static Bayesian Network model, has a good dynamic expression and filtering function., makes
up for the lack of SBN, and has a good fault tolerance capability. The simulation results show that the
effect of target recognition based on dynamic Bayesian networks is better than that of target fused recogni-
tion based on parameter learning Bayesian. The accuracy of target identification and the stability of the al-
gorithm are significantly improved. By so doing, the model effectively solves the problem of missing data
and information in the process of target identification.
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Fig.1 Variable structure dynamic Bayesian network model
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Tab.2 Target type conditional probability tables

EE7 [ R FIRWP R IR B
B3| (H,L) (H,L) (AA,0,AG) (AP
Fighter (0.7,0.3) (0.8,0.2) (0.9,0.05,0.05) (0.1,0.9)
Bomber (0.3,0.7) (0.3,0.7) (0.1,0.1,0.8) (0.1,0.9)
Jamming (0.5,0.5) (0.3,0.7) (0.15,0.7,0.15) (0.8,0.2)
AWACS (0.4,0.6) (0.3,0.7) (0.1,0.8,0.1) (0.9,0.1
H ¥ RCS b ESILIR IR AT H
B (B,M,S) (S, (F,B,J,A) (AT,AV)
Fighter (0,0.6,0.4) (0.5,0.5) (0.8,0.1,0.05,0.05) (0.7,0.3)
Bomber (0.65,0.3,0.05) (0.2,0.8) (0.1,0.8,0.05,0.05) (0.2,0.8)
Jamming (0.3,0.55,0.15) (0.2,0.8) (0.05,0.05,0.7,0.2) (0.2,0.8)
AWACS (0.8,0.1,0.1) (0.0,1.0) (0.05,0.05,0.2,0.7) (0.05,0.95)
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Tab.3 The observation value of the different time
Time0 Timel Time2 Time3 Time4 Time5
- H:0.648 H:0.644 H:0.669 H:0.678 H:0.687 H:0.688
e L:0.352 L:0.356 L:0.331 L:0.322 L:0.313 L:0.312
H:0.755 H:0.759 H:0.760 H:0.766 H:0.797 H:0.818
R
L:0.245 L.0.241 L.:0.240 L:0.234 L.:0.203 L:0.182
AA:0.695 0 AA:0.7270 AA:0.727 0 AA:0.810 0 AA:0.814 0
IR PR 0:0.170 0 0:0.097 4 0:0.097 4 - 0:0.094 0 0:0.089 2
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A B —
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RCS M.0.324 — — — M.0.295 M.0.295
S:0.676 S:0.705 S:0.705
N S:0.879 S:0.880 S:0.887
R - - -
D:0.121 D.0.120 D.0.113
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Tab.4 Simulation results
Time0 Timel Time2 Time3 Time4 Timeb
F:0.758 0 F:0.805 0 F.0.873 0 F.0.886 0 F:0.908 0 F:0.913 0
. B:0.070 9 B:0.139 0 B:0.090 3 B:0.060 9 B:0.033 4 B:0.035 0
PRI ’
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