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Structural Damage Recognition Based on LSTM
Neural Network and Residual Force Vector Method

SONG Fuchun ,YANG Zihao ,FU Yumin ,CUI Fuhe ,BAl Xiangge

(School of Transportation and Geomatics Engineering, Shenyang Jianzhu University , Shenyang, China, 110168 )

Abstract:In order to reduce the workload of the traditional residual force vector method and
improve the computational efficiency, a combination method using LSTM neural network and
residual force vector method is proposed. The residual force of the structure after damage is used as
the damage identification index of the LSTM neural network, and a model between input and
output is established, while the step-by-step damage identification method is applied to determine
the structure that may have damage, which is verified by the simple-supported beam model. The
LSTM neural network is more accurate in judging damage of the simple beam, with a classification
accuracy of 97% ,a root mean square error value of 0. 64 for the training results and a maximum
error of 3. 7% for the prediction results when the sample data is 350 groups;the maximum error is
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6. 8% when the noise level is 10% and below, and it can still make a single damage when the

noise level is 15% and below The maximum error is 9. 4% ,which is a good noise immunity. The

designed residual force-based LSTM neural network is effective in localising and identifying the

extent of structural damage,and has a certain degree of feasibility.

Key words : structural damage identification ; LSTM neural network ;residual force vector method ;

damage assessment
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