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Fig. 1 Multi-source data fusion process for structure health monitoring
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Table 1  Damage patterns of the UAV structure

pattern category damage severity damage location
pattern 1 stiffness reduced by 20% brace 6 423-8 323 and brace 6 579-8 323
pattern 2 stiffness reduced by 40% brace 6 423-8 323 and brace 6 579-8 323
pattern 3 stiffness reduced by 20% brace 6 423-8 323 and brace 6 660-8 593
pattern 4 stiffness reduced by 40% brace 6 423-8 323 and brace 6 660-8 593
pattern 5 stiffness reduced by 20% brace 4 791-6 423, 3 203-5 133 and 6 660-8 593
pattern 6 stiffness reduced by 40% brace 4 791-6 423, 3 203-5 133 and 6 660-8 593
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Table 2 Identification results for the PNN classifier with noise level & = 0.08

input matrix N;

1~40 1~11 12~20 21~30 31~40 fusion
pattern 1 94 91 82 68 99 98
pattern 2 92 92 73 88 98 98
pattern 3 96 89 90 93 67 100
Oy /% pattern 4 85 90 82 96 85 99
pattern 5 100 100 100 100 100 100
pattern 6 100 100 100 100 100 100
total IA 94.5 93.7 87.8 90.8 91.5 99.2
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Fig. 3 Identification results corresponding to different input index data (noise level & = 0.08)
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Fig. 4 Identification results from all and reducted input data at different noise levels
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Multi-Source Data Fusion for Health Monitoring of
Unmanned Aerial Vehicle Structures

HE Xufei'*, Al Jianliang', SONG Zhitao’
(1. Department of Aeronautics and Astronautics, Fudan University,
Shanghai 200443, P.R.China;
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Shanghai 200335, P.R.China)

Abstract . Structural health monitoring is an important means to guarantee the continuing safe
operation of aircrafts, and makes a key technique for unmanned aerial vehicles’ (UAVs’) de-
velopment and certification. For a UAV fuselage, the structural acceleration responses, strain
signals and modal parameters were acquired on-line from different sensor measurements in dy-
namic structure simulation. The normalized wavelet packet energy change rate index, the strain
energy change rate index, the modal frequency change rate index and the mixed damage evalua-
tion indices were built to indicate the structural health condition. The integrated multi-source
data fusion technique, including data-level fusion, feature-level fusion and Bayesian probabilis-
tic neural network-based decision-level fusion, was used with the rough set reduction succes-
sively to significantly decrease the spatial dimension of data. The mapping between structural
damage information, like damage severity, damage locations and health evaluation indices, was
established, and the comprehensive decision of the structural damage model was achieved. An
example for the health monitoring of an unmanned helicopter was demonstrated. The experi-
mental results verify the accuracy of the proposed data fusion technique for damage identifica-
tion of multi-damage aircraft structures, and show the validity of multi-data fusion in UAV
health monitoring.

Key words: health monitoring; data fusion; probabilistic neural network; rough set reduction;

damage identification
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