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Graph neural network-based diagnosis of complex damages in
traditional timber structures
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Abstract: To address the limitations of traditional timber structure damage identification algorithms in parameter
space completeness, utilization efficiency of high-dimensional data, and integrated local-global damage diagnosis
capabilities, this paper proposes a multi-modal data fusion damage identification method based on a graph neural
network (GNN). First, with the acceleration response of structural nodes and material parameters as inputs, the
graph structure data is constructed by fusion of sensor topological relations to realize the interactive transmission and
collaborative identification of damage features between nodes. Second, this paper proposes a joint recognition
algorithm, which is composed of a local damage identification network ( LCGCN-LDI) and a global material
deterioration network ( GCN-MPL) , to identify the damage of nodes and correct the material property parameters
respectively. Finally, experimental validation shows that the joint identification algorithm achieves an overall
structural damage recognition accuracy of 94.7% , and a local damage detection accuracy of 97. 6% ; the prediction
error of natural vibration frequency is reduced from 28.9% to 9.4% . The results show that the joint recognition
algorithm outperforms traditional algorithms in identifying complex damage in traditional timber structures,
exhibiting high accuracy and robustness.
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Fig.1 Common graph structure data forms and their composition
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Fig.2  Process of global and local two-level multi-damage joint

recognition algorithm
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Tab.1 Dimensions of internal damage holes in column roots
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0 0 0 0
1 40 47 200
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Tab.2 Damage combination table

RS i P (RS i P

1.2 3.4 5.6.7.8 9.10.11.12 1.2 34 5.6.7.8 9.10.11.12
1 0 1 0 1 11 0 3 0 3
2 0 1 0 12 0 3 1 3
3 0 1 0 2 13 0 3 2 3
4 0 1 1 2 14 1 2 1 2
5 0 1 1 3 15 1 2 1 3
6 0 1 2 3 16 1 2 2 3
7 0 2 0 3 17 1 3 1 3
8 0 2 2 3 18 1 3 2 3
9 0 2 0 2 19 2 3 2 3
10 0 2 1 2
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Fig.4 Experimental model and sensor layout
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Fig.5 Training results based on the original sensor data
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Tab.3 Damage identification accuracy

) W%/ % WA W%
1 0.999 11 0.858
2 0.976 12 0.898
3 0.921 13 0.999
4 0.992 14 0.969
5 0.984 15 0.953
6 0. 866 16 0.992
7 0.843 17 0.999
8 0.953 18 0.999
9 0.953 19 0.999
10 0.890 20 0.999
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Tab.4  Wood property parameter prediction
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8 3.42 7317 401 881 0.428 0.431 0.228 451 539 134
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Tab.5 Comparison of calculation results
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Fig.7 Comparison of network models
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Tab.6 Standard-based seismic performance evaluation
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